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ABSTRACT 

This dissertation describes the design and implementation of a computer vision based 

varve image analysis system. The primary issues covered are software engineering design, 

varve image calibrations, varve image enhancement, varve Dynamic Spatial Warping 

(DSW) profile generation, varve core image registration, varve identification, boundary 

identification and varve thickness measurement.  A varve DSW matching algorithm is 

described to generate DSW profile and register two core images. Wavelet Multiple 

Resolution Analysis (MRA) is also used to do the core image registrations. By allowing 

an analyst to concentrate on other research work while the VARVES software analyzes a 

sample, much of the tedious varve analysis work is reduced, and potentially increasing 

the productivity. Additionally, by using new computer vision techniques, VARVES 

system is able to do some varve analysis which was impossible handled manually. 
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CHAPTER 1 INTRODUCTION 

1.1 Problem Statement 

A varve was originally defined as an annual layer of sediment or sedimentary 

rock [2]. The word varve is derived from the Swedish word varv whose meanings and 

connotations include revolution, in layers, and circle. In this dissertation, varves 

specifically mean the annually laminated sediments deposited under lakes, glaciers, or 

seabed. Lake and marine sediment varves (layers or series of layers of sediment deposited 

in one year), extend back centuries to millennia in time, and therefore can be used to 

examine a wide range of earth system processes. The effect of earthquakes can be studied 

with varves, as can slope instability and the impacts of volcanic eruptions [1]. 

Paleoecologic applications of varved sediments are also widespread [2], as are the use of 

varved sediments to extend studies of radiocarbon variations beyond the range of tree-

ring studies [3]. The application of varved sediments to key paleohydrologic and 

paleoclimatic issues is of increasing interest [4].  

To facilitate analysis, sediment cores are often processed into their lengthwise 

slice and photographed, the image can then be processed on a computer. At present, the 

analysis of varved sediments is time consuming and labor-intensive. Even with off-the-

shelf software such as NIH Image [46] or Adobe Illustrator [4], it can take an experienced 

researcher months to generate a simple multi-century varve chronological record. 

Moreover, many steps are subjective and the resulting measurements are inaccurate. 

Keeping track of data/image transformations and analyses is manual and tedious, and 

prone to error. Our goal is to create a system that greatly speeds accurate quantitative 
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varve analysis. The image analysis issues involved in varve research such as varve image 

calibration, varve image analysis, and varve measurement etc. are handled by this 

software system. The research was funded by NSF grant EAR0219075 and cooperated 

between the Digital Image Analysis Laboratory (DIAL) of the Electrical and Computer 

Engineering Department and the Environmental Study Laboratory of Department of 

Geoscience at the University of Arizona.  

1.2 Overview of Dissertation 

The software system described in this dissertation provides a set of tools for 

increasing the efficiency and accuracy of varve analysis. Rather than attempting to 

produce a fully automated system solution, the philosophy of this system design is to 

create a computer-assisted environment that integrates user interaction with algorithmic 

functionalities.  The friendly user interface allows the user to have full control of the 

analysis procedure until the satisfactory results are achieved.  

 The dissertation begins by presenting an overview of varve research and the 

VARVES software. Several examples of previous software that were developed for the 

purpose of image analysis of varves and some off-the-shelf general image analysis 

software that could be used for varve image analysis will be discussed and contrasted to 

the work described in this dissertation. Software engineering approaches used in the 

development of this system are explained. The image processing, analysis and 

measurement algorithms are then introduced. Finally, the conclusion and 

recommendations for future work are provided. 
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1.3 Overview of Varves 

This section starts with an introduction to the background of varve research, varve 

thin section sample making and varve image acquisition. Image processing and analysis 

techniques commonly used in varve analysis are then described. Finally, the motivation 

and overview of the varve image analysis software VARVES is introduced. 

1.3.1 Varve Research 

As mentioned before, a varve is an annual layer of sediment or sedimentary rock. 

It can be acquired from lakebed, sea basins, glacial deposition and polar ice core samples. 

Like a tree ring [15], most of the annual varve consists of two distinct layers (laminae); a 

thick light colored layer of silt and fine sand which forms in the spring and summer and a 

thin dark colored layer of clay forming in the fall and winter. Since low temperatures are 

necessary in delaying the settling of clay particles, it is assumed that varve formation can 

occur only in glacial waters, particularly lakes on the margins of glaciers. The varve 

sediments can be formed and preserved usually under some special environmental 

conditions such as reduced oxygen, which prevents bioturbation. Figure 1.1 shows some 

typical varve thin section sample images. Some distinct varves can be seen. The scales of 

varves usually vary from several hundred micrometers to several millimeters. 

The physical properties of varved sediment records in lakes and sea basins often 

provide valuable and sensitive proxies for the investigation of long- term and short-term 

environmental variations. The rhythmic characteristics of these annual deposits can be 

used as an approximation of the length of the lake age by counting the number of varves 

from the lake basin. The sediment deposit rates retrieved from the annual varve thickness 

can be used to study the climate or other environmental factor changes. Conventionally, 
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the varve chronology is established by repeated counting of varves in thin sections under 

a spectrographic microscope. These results are compared with counts on scans from thin 

sections and high-resolution digital photos as well as digital image processing of the 

latter.  

  
Figure 1.1 Varve sample images. (a)Fayetteville Green Lake, from B. Hubeny, J. King URI. 
(b)Lake Linne (Glacial), from E. Pratt, A. Werner, Mt Holyoke. (c)Lake Bosumtwi, Ghana, from 
T. Shanahan and  J. Overpeck. (d)Soper Lake Freeze core, from K. Hughen and  J. Overpeck. 
 

In addition to the count information the varve samples can provide, some other useful 

information can be obtained from varves: 

• Large range time scale 

• Glacial dynamics information 

•  Paleoenviromental changes for global warming research 

• High resolution data on climate variability 

• Extension of radiocarbon variations back beyond the range of tree-ring studies 

Currently, the varve chronology records are widely used to investigate the past climate 

evolution, global warming [45], the effect of volcanoes, timing of earthquakes and glacial 
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dynamics. They have also been used in paleoecologic, paleohydrologic and paleoclimatic 

researches.  

It can be seen that varve research relies heavily on good varve samples acquired 

from some multiple sites. The researcher typically builds a varve chronology from varve 

thin section. A varve thin section is a small piece of a varve sample cut from a whole 

varve core acquired from a lake or glacial sediment. Its size is usually several centimeters, 

such that it is easily to be positioned on the microscope or photography stage for further 

investigation. Several procedures are applied to a varve core to get a dry, hard sample for 

thin section cutting. One of the commonly used varve thin section making procedures is 

described below [9]. 

1. Drilling. A metal tube of sediment material is acquired by drilling the appropriate 

site of a lake from the boat, as shown in Figure 1.2(a). 

2. Subsampling. Boxes are placed in overlapping location for continuous sampling. 

Box size is about 180 x 25 x 8 mm, as shown in Figure 1.2(b). 

3. Freeze drying. The core sample is frozen by liquid nitrogen and then dried by 

sublimation (Figure 1.2(c)). 

4. Hardening. The dried sample is then hardened with a epoxy resin (Figure 1.2(d)). 

 
(a) 
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(b) 

 
(c) 
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(d) 

Figure 1.2 Varve thin section sample making procedure. (a) Drilling. (b) Subsampling. (c) Freeze 
drying. (d) Hardening. 

 

Usually multiple locations at a given site are drilled for redundancy and to 

identify missing layers and turbidities. Sub-sampling is done by cutting the drilled core 

into small sections. The small sections are cut at an inclined angle (Figure 1.3) to 

compensate for any missing material when cutting. Freeze drying is then applied. Finally, 

the thin section can be obtained by slicing the small section. Each thin section slice is 

about 5 centimeters wide and 2 centimeters high. The thin section can be positioned in a 

scanner, photography stage or other imaging equipment to capture an image for further 

analysis. Figure 1.3 shows a typical sliced thin section image obtained by 

transilluminated on a fluorescent light table. This kind of image can be used for manual 

or automated analysis through image processing software. 
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Figure 1.3 A typical varve thin section image from Bosontwi lake (Gana, Africa). The image is 
taken on a fluorescent light illuminated stage by a Cannon Rebel SLR XT with 1X macro lens. 
The color strips are used for color calibration and a 50mm fine ruler with 100um resolution is 
used for length standardization. 

1.3.2 Varve Image Processing and Analysis  

Paleoenvironmental studies of varve sediments can greatly benefit from image 

analysis techniques [3]. Because it is a low cost and high-resolution analysis method, 

image analysis allows varve cores to be studied at the very high resolution that is 

necessary to resolve high frequency climate cycles. Moreover, varve image analysis 

based on X-ray element scan map can reveal some very important features that are not 

even visible to human eyes.  

However, varve images exhibit a large amount variation between different sites 

and even within the same site. Figure 1.1 shows the varve images from different sites. 

The contrast, thickness, sediment deposit rate, and texture vary a lot between samples. 

Figure 1.4 shows some varve images from the same lake. In some images, the varves are 
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very clear while in some others they are barely visible due to the fine graininess of the 

sediments. Some (Figure 1.4(d)) show lot of noise due to frozen and unfrozen water, and 

some (Figure 1.4(c)) exhibit gaps and holes due to imperfect sampling. Figure 1.4(b) 

shows some turbidities which are caused partly by a sudden increase in depositional rates 

due to local disturbances in or near the lake core site.  

This wide variety of problems results in challenges for varve image analysis 

software design. It is almost impossible to do completely automated varve image 

processing and analysis by using general image processing software or even by 

specialized varve image processing software. Some current varve image analysis 

solutions are discussed in section 1.4.  

  
Figure 1.4 Other varve image samples from the Bosomtwi Lake (Gana, Africa). (a)— (d) Optical 
images from Bosomtwi Lake. They belong to different core B2000_4N, B2000_5N, B2000_2N, 
B99_13 respectively. (e) X-ray element Carbon scan map of one sample from Bosomtwi Lake. (f) 
X-ray element Calcium scan map of one sample from Bosomtwi Lake. 
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1.3.3 Overview of VARVES Software 

Traditionally, when one "counted" varves, it proved to be a monotonous and 

tiresome task resulting in much subjectivity in determining layers [2]. One had to take 

microscopic evaluations of the material and form some sort of hypothesis or 

interpretation from the shape and thickness of the layers. This provided inaccurate data 

because different varve types can cause mistakes in the method that is used and produce 

miscounts. For example, sub-annual laminations can be counted as extra years, and 

certain years may not deposit a carbonate layer, which would then not be counted. Thus, 

this technique is much criticized for providing insufficient data to determine such 

changes. Modern computer and digital photography technologies provide potential to 

reduce the tedious human varve analysis work by automating much of the analysis, 

management of varve sediment images. Nowadays, decent consumer digital SLR camera 

such as Cannon Rebel XT with ordinary macro lens can produce 20micron or finer 

resolution images with acceptable geometrical distortion. It is also possible for current 

personal computers to process and store hundreds of varve thin section images. Therefore, 

VARVES, a software system based on current main stream PC for varve image 

processing and analysis was developed. VARVES is entirely a software system (available 

at no cost to the scientific community), since suitable hardware for varve image 

acquisition already exists in commercial form.  

VARVES is a computer-assisted sediment image analysis software system. 

VARVES allows the user to do image calibration, enhancement, sediment core matching, 

boundary identification, varve measurement, varve characterization, and chronology 

record construction. The program also provides some tools to do data management and 
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tracking. In doing so, VARVES allows many more cores to be analyzed per unit time, 

and thus permits several important advances in the application of varved sediments. First, 

VARVES facilitates the analysis of many cores per site, e.g. from a lake or marine basin, 

and the cross-dating between these cores. Cross-dating and averaging among many cores 

will yield much improved age estimates, as well as lower measurement errors. Second, 

VARVES allows the entire widths of each varve in a given core to be analyzed, rather 

than only selected transects, which is a large improvement over older image analysis 

program.  

Currently, VARVES is hosted in a PowerMac G5 machine with dual 1.8GHz 

PowerPC G5, 3Gbytes memory, 80Gbytes hard drive and X11 of Mac OS X, although it 

can be run on any BSD (like UNIX/LINUX) compatible platform with slower CPU speed 

and less memory configuration. Neither Mac OS X nor PowerPC CPU are required for 

this software system.  

Since it is pure software system which is independent of any image acquisition 

hardware, there are no assumptions of the specifications for the image acquisition system. 

Any form of images can be imported and analyzed by this software if they are coded by 

some general image formats such as JPEG, TIFF, BMP, PNG, EPS etc or raw data. 

Figure 1.5 shows the windows in VARVES. At the top is the VARVES software 

main window. The main window hosts the general tools for varve image manipulation, 

like region of interest selection, move, scale, zoom in/out, etc. The image canvas window 

contains all of the thin section images (after preprocessing). The image manager window 

holds the image information that is not displayed in the image canvas window. The user 

can activate the thin section image from this window. As shown in Figure 1.6, 16 tool 
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sets are available in the main window. If the user wants to use any tools in the main 

window, he selects the corresponding button. For example, if the user wants to move 

around in the image canvas window, the move button   must be pressed.  

 

 

Figure 1.5 Overview of the varves software GUI 
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Figure 1.6 General tools of varves program 

The first main procedure of the varve image analysis by using this software, as 

illustrated in the flowchart of Figure 1.7, is image preprocessing. It consists of length 

standardization, color calibration, thin section image segmentation and core image 

formation. After several core images are formed, we can do inter-core image 

registration/alignment iteratively by several different methods until satisfactory results 

are obtained. Then we can identify varves for different cores and measure the varve 
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thickness. The image analysis and measurement data can be stored in a shared database. 

The data thus generated can be accessed by other data processing and visualization 

software such as MATLAB and Microsoft EXCEL if desired. The detailed description of 

the varve image processing functionalities and algorithms are discussed in chapter 3 and 

the varve analysis and measurement part is described in chapter 4. 

 
Figure 1.7 Varve analysis flowchart. 

1.4 Review of Earlier Work 

VARVES is not the first system designed for varve analysis work. However, to 

the knowledge of the VARVES project design team, it is the first complete image-

centered varve image analysis system in which many novel computer vision and image 

analysis algorithms are specifically designed for varve image analysis. It can be regarded 
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as a minimal workable tool set for a complete varve image analysis procedure. For 

completeness, an overview of several earlier varve analysis systems is provided here.  

1.4.1 Adobe Illustrator 

According to the characteristics of the varve samples and images, successful varve image 

analysis software should have two main features. First, it should have sophisticated image 

analysis algorithms to handle complicated varve image analysis. Second, it also should 

include the ability to process and manage a large amount of image data. Because some 

varve features are usually visible at a very fine scale, high-resolution images are usually 

acquired in varve research. A typical 150cm long varve core sample yields about 30 thin 

sections. We assume that each thin section image is taken by an 8M-pixel digital camera 

and that each pixel uses 24bit color representation. This single core can consume about 

 memory. Actually, in the image processing world, it is usually 

necessary to add some mask information for image such as alpha channel etc. And also if 

we consider two or more core image cross dating, the memory requirement for the brute 

force design is far beyond the current PC processing and storage capability. Therefore, 

some optimized and sophisticated memory and data management design must be used.  

MbytesM 7203830 =××

Unfortunately, there are no off-the-shelf software which can satisfy the above two 

requirements. Some programs do well in the first aspect; some do well in the latter. 

Adobe Illustrator is the only one can that satisfy the second requirement according to our 

knowledge.  

Adobe Illustrator is an industry-standard vector-based graphics application 

developed and marketed by Adobe Systems [4], which is available for both the Mac OS 

X and Microsoft Windows operating systems. Because of its excellent ability to handle a 
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large number of large images and abundant image rendering tools, it has been widely 

used for varve core image composition, varve manual counting and varve thickness 

measurement. Usually the user imports multiple thin section images and positions them 

appropriately together to form one core, then multiple cores are composed by the same 

procedure. The varve counting and marking can be conducted by Illustrator’s marker and 

other tools. Once the analysis is finished, the image can be saved as an Illustrator vector-

based “.ai” file. Since Illustrator uses optimized memory management mechanisms, it is 

not noticeably slow when handling many large varve images in an Illustrator workspace 

running on a PC with limited processing power and memory space.  

However, any information obtained by analysis and measurement in Illustrator 

can only exist in the form of vector graphics, which makes it impossible to manage and 

retrieve analysis data conveniently by other general image or data analysis tools. Another 

limitation of Illustrator in varve analysis is that it lacks powerful image processing and 

analysis tools such as filtering, cross dating, image registration, image measurement and 

calibration utilities. Illustrator is designed for vector-based drawing, image rendering and 

graphical artworks creation, not to process and analyze scientific images.  

1.4.2 Varve Analysis Software Based on LabView 

Pierre Francus presented a new varve image analysis software in [5]. The 

software is specifically designed for varve analysis by using microscopic varve thin 

section images. It mainly includes three sets of tools. Firstly, the software can analyze 

and measure the varve annual layer by an arbitrary scan line profile across all of the thin 

section images. The user can obtain a good analysis of the varve annual layer feature by 

carefully chosen scan line profile. Secondly, varve grainsize and texture analysis can be 
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handled by the embedded image segmentation techniques in this software. Finally, the 

varve analysis and measurement data can be managed by a well-designed database 

subsystem. Although it has many impressive features to do varve analysis, there are still 

some limitations which make it unlikely a good solution for varve research community. 

First of all, it is hardware dependent system. The software works with a microscope stage. 

The images the software analyzed are from that microscope, which limited it’s usability 

for the user who has no access to the hardware. Moreover, the varve analysis based on 

one particular scan line profile makes the analysis and measurement not only suffer from 

the noise and distortion in the varve images, but also result in inconsistency between 

different scan line profile analysis. Last but not the least, the GUI, database and algorithm 

implementation depends on LabView library which is commercial software [6]. Although 

LabView is also available in operating systems other than Windows, the library Pierre’s 

software used only available in Windows recently. It takes extra cost for the user to buy 

the LabView license when this software is chosen. 

1.4.3 NIH ImageJ 

ImageJ is an open source public domain Java image processing program inspired 

by NIH Image for the Macintosh [46]. It runs, either as an online applet or as a 

downloadable application, on any computer with a Java 1.1 or later virtual machine. 

Downloadable distributions are available for Windows, Mac OS, Mac OS X and Linux. It 

can display, edit, analyze, process, save and print 8-bit, 16-bit and 32-bit images. It can 

read many image formats including TIFF, GIF, JPEG, BMP, DICOM, FITS and "raw". It 

provides lots of image processing and analysis utilities including image filtering, 

geometric transformations, color manipulation and spatial calibration etc. ImageJ is also 
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designed with an open architecture that provides extensibility via Java plugins. Custom 

acquisition, analysis and processing plugins can be developed using ImageJ's built in 

editor and Java compiler. User-written plugins make it possible to solve almost any 

image processing or analysis problem.  

However, there are two main limitations when it is used for varve image analysis. 

First, it is not a comprehensive environment to analyze and manage analysis data in a 

convenient way. The image space and analysis data space are separated in the 

fundamental architecture design. This application independent design makes the 

development simpler and more useful for some general application, but also degrades the 

usability for the specific applications like varve analysis which needs complicated data 

management. Second, since the program is coded in Java and runs on a Java virtual 

machine over every different operating system, it is less computationally efficient. The 

computational cost is especially sensitive for images with large dimensions such as in 

varve analysis. Sometimes, it is impossible to accomplish responsive user interaction.  

1.4.4 Other Varve Analysis Tools 

Some other useful tools are also designed for solving the specific issues like varve 

profile record matching in varve analysis. Lisiecki developed a software tool based on 

dynamic programming to do the signal matching of paleoclimate record in [7]. This 

application can also be used to investigate the correlation between the different varve 

profiles. The application consists of two parts: Match and Autocomp [8]. The first 

component is match algorithm based on dynamic programming, which is written by C++ 

for fast matching. The second component is GUI to allow the user input some control 

information for the matching algorithm, such as control points, gap information etc. The 
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profile matching algorithm developed in our VARVES application is also based on 

dynamic programming technique, however, different cost function and searching policy 

are defined to make the matching fast and robust. More detailed description of our 

matching algorithm is discussed in section 4.1. Although Lisiecki can handle the profile 

matching task of varve profiles, the main limitation of the application is the 

computational efficiency. Since the cost function defined in [7] is complicated and the 

search range is the full possible range of the search plane, the matching procedure is very 

slow comparing our solution. For instance, given a 6000 pixel profile pair, it takes about 

30 minutes to finish the matching using Lisiecki’s algorithm while ours matching 

algorithm only takes several milliseconds. 
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CHAPTER 2 SYSTEM REQUIREMENTS AND SOFTWARE 
DESIGN 

2.1 System Requirements 

The main requirements of the VARVES software are the following: 

1. Ability to import and export digital images in commonly used formats such as 

JPEG, TIFF, and BMP etc., and not to have any image size or resolution 

restrictions beyond that imposed by computer memory or mass storage 

restrictions. Users of personal computers will have no practical limits on the 

images they can import for analysis in VARVES, whether from digital cameras, 

scanners or off-line instruments such as SEMs and XRFs. 

2. Ability to process and analyze large amounts of image data efficiently.  

3. Ability to do data management and tracking. VARVES should keep track of each 

transformation made to a given image, and allow the user to keep track of all data 

collected, in the coordinates of the original image sample. 

4. Ability to make image normalization and enhancement such as image color 

calibration, length standardization, contrast normalization etc. for different thin 

section images. 

5. Ability to compose core images from thin section images. 

6. Ability to register and correlate multiple core images with same chronological 

information. The program should allow the user to do the registration 

automatically or manually when it is necessary. 

7. Ability to identify the varves and boundaries for both well-behaved and complex, 

irregular varve laminae. 
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8. Ability to make varve and laminae measurement such as thickness. 

9. Ability to allow the user to perform the analysis iteratively until a satisfactory 

result is achieved. 

10. The graphic user interface (GUI) should be easy to use and intuitive, when a 

varve scientist follows when performing manual analysis. 

11. Ability to operate on PC and Macintosh hardware platform with limited resources 

of processing power, memory configuration, and storage. 

12. The software should be free and open source to the scientific community. 

Note that for requirement 1, In contrast to tree-ring analysis [15], modes of varve 

raw data ingest and analysis are highly variable from lab to lab, and are still developing 

[3]. Most labs involved in varve analysis already have their own digital cameras (often 

connected to various types of microscopes) and scanners. Moreover, varve analysis often 

includes images collected with scanning electron microscopes (SEMs) or other expensive 

instruments usually housed some distance from the varve analysis lab. For all these 

reasons, we developed VARVES without the sophisticated data acquisition hardware and 

software in TREES [15]. In doing so, we ensure a portable and low-cost design, i.e. 

software that can run on any late-generation personal computer. 

From this list of requirements, several further requirements follow. First, in order 

to process and analyze large amounts of image data in constrained resources, we have to 

make the implementation of the algorithms efficient. Thus the algorithms were 

implemented in the C/C++ language, which is the most efficient computer language for 

image processing except for assembly languages. Another reason is that we already have 

a library of C image processing routines SADIE [16], and there are also lots of open 
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source free image processing C/C++ packages available in the internet. Implementation 

by C/C++ means that we can reuse much existing code, and the development can be 

easier and faster.  

Second, since we want to distribute the software source and executable code at no 

cost, we have to make sure that there is no commercial image processing source code or 

libraries used in the software. If we have to use third party code for fast development 

reasons, only free open source can be considered. Another problem is the associated 

hardware platforms for the software. Since the software is required to run on PC and 

Macintosh and the programming language we chose is portable, the library packages that 

our software is dependant on should be free and available on Windows, Linux, UNIX, 

and Mac OS X. Therefore, we chose GTK and other portable libraries to satisfy this 

requirement. As discussed later. 

Additionally, in order to let the user or third party data processing and 

visualization software access the analysis and measurement data, the program has to 

output standard format data file and image files. If it is not possible to organize some 

types of data in a commonly used data format, the specifications and usage of any private 

data formats must be defined. 

Finally, the VARVES program requires intensive user interactions. In order to 

perform varve image processing and analysis functionalities, the application requires a 

large display area and many information windows which can be toggled on or off. The 

communications and synchronizations between different windows must be carefully 

designed, especially when user interactions are involved. 
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2.2 Software Engineering 

2.2.1 Software Design Approach 
 As similar with our previous tree ring chronology project development [17], an 

iterative development model using rapid prototyping was followed for the VARVES 

application development. An iterative life cycle model does not attempt to start with a 

fully detailed specification of requirements. The development begins by specifying and 

implementing architecture frame work of the software, then be reviewed, tested until the 

goal of the design is fulfilled.  

 
Figure 2.1 VARVES iterative software development model. 

Several phases in sequence are involved in the An iterative life cycle model, as 

shown in Figure 2.1, The requirements phase consists of defining the requirements for a 

software component. For the VARVES program, the software components would be the 

basic architectural framework, image analysis algorithms, and image manipulation tools. 

The design review can be done repeatedly and finally produce the specification of 

requirements. The implementation and test phase consists of coding, integrating, and 
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testing the software. Then the implementation review is scheduled. The code of the 

detailed implementations is reviewed by the user and the designers so that the potential 

program pitfalls and debugs could be found or avoided. 

The key to successful use of an iterative software development lifecycle is 

rigorous validation of requirements, review and verification of each version of the 

software against those requirements within each cycle of the model. For the VARVES 

application, the requirements listed in Section 2.1 are statements of major objectives only. 

They are not specific and detailed software design requirements. The one of major 

software engineering goals of this dissertation is to design an efficient and effective 

software tool for each varve analysis process. The iterative design cycle and varve 

researchers’ input can help us achieve the design goal. 

2.2.2 Software Architecture 

The software architecture is shown in Figure 2.2. The topmost layer in the 

VARVES system is the interface layer that creates the graphical user interface and 

handles all the user interactions. This layer is developed by Object C language using the 

GTK+ environment. The GTK+ system will be discussed in section 2.2.3. Custom GUI 

commands (callback commands) required to carry out image analysis tasks are defined in 

the command layer, which actually serves as an interface between the GUI and algorithm 

implementation layer. The SADIE (System at Arizona for Digital Image Experimentation) 

library, developed at the Digital Image Analysis Laboratory, University of Arizona, is a 

set of image processing software routines written in the C language [16]. The algorithm 

layer can interface extensively with the SADIE library to use the provided functions. In 

its current stage, we only use a small part of SADIE library. The dash line in Figure 2.2 
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means that for fast prototyping, we moved these related code from the SADIE library to 

the algorithm layer. It’s better to refine this implementation by incorporating the whole 

SADIE library into the program and providing more extensibility for future. The 

command layer, algorithm layer and SADIE library are the core of our functional 

implementation, therefore, it is called implementation layer. 

  

 
Figure 2.2 VARVES software architecture. 

The bottom layer is the application interface library layer which provides all of 

the implementation low level APIs for the interface and implementation layers. GDK is 

“Gimp Drawing Kit” library, which provides some drawing and image manipulation 

APIs (Application Program Interfaces) for GTK+ [10]. In addition to these libraries, 
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some of the GIMP image processing and manipulation libraries are also referenced in 

VARVES, because it is also based on GTK/GDK, they are not put in the Figure 2.2. Glib 

is the low-level core library that forms the basis of GTK+ and GNOME (GNU Network 

Object Model Environment) [18]. It provides data structure handling for C, portability 

wrappers, and interfaces for such runtime functionality as an event loop, threads, 

dynamic loading, and an object system [10]. Xlib library is a C language function library 

that client programs use to communicate with the windowing system [10]. Calls to the 

client are sent through the Xlib library, and return information passd back through the 

Xlib library, which translates information to a standard X-Window language. Since the 

GTK+ and GDK libraries wrap the other low level libraries and provide a wrapper 

equivalent version for application use, generally, the GTK+ and GDK library are used 

directly by implementation layer code. However, it is also possible to use the APIs from 

Glib, Xlib, and Operating System directly, when computational efficiency is the most 

important concern. 

Since GTK+, GDK, Xlib, and Glib are all multi-platform open source and free 

toolkits or libraries, our application is also designed without platform dependencies, 

VARVES software can be run on different operating systems with little modification. 

2.2.3 Graphical User Interface Design 

The software GUI is based on GTK+2.0. GTK+2.0 (Gimp Tool Kit plus) is a 

powerful multi-platform (Unix/Linux/Mac OS X/Windows) toolkit for creating graphical 

user interfaces [10]. Offering a complete set of widgets, GTK+ is suitable for projects 

ranging from small one-off projects to complete application suites. GTK+ was initially 

developed for and used by the GIMP, the GNU Image Manipulation Program. Therefore, 
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it is named “The GIMP Toolkit”, so that the origins of the project are remembered. 

Today GTK+ is used by a large number of applications, and is the toolkit used by the 

GNU project’s GNOME desktop. 

GTK and its underlying library components are written in plain C. However, the 

Gobject system provides support to Object-Oriented Programming (OOP) [11]. That 

means the GUI design based on GTK has the merits of OOP such as inheritance, without 

loss of the benefits of C programming simplicity and high efficiency. The Glib library 

provides many popular data structures such as array, linked list, tree, hash table, and 

string which are not available in the standard C library. This makes programming fast and 

easy.  

We can obtain another very important benefit from GUI design based on GTK: 

efficiency and simplicity. Other than some other scripting language based GUI design, 

like Tcl/Tk, a GUI based on GTK does not need translation glue code between the 

interface and C algorithm code. The scripting language is usually optimized for objects 

that are primarily character strings. Mathematical operations are not fast or efficient. 

When one wants to transfer some data between C code and script interface, they must be 

translated by some glue code, which degrades the computational performance further. For 

an application like VARVES which needs lots of user interaction and data exchange, it 

could be the performance bottleneck of the whole system. The GTK GUI design allows a 

developer to write the GUI by plain C code in the sense of OOP. This simplifies and 

accelerates the development process greatly. 

   In the VARVE GUI system, every GUI component (window, menu item, button 

etc.) is an object. The specific user interface functionality can be modeled by an Event-
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Driven Programming mechanism [11]. The VARVES windowing system transmits 

events such as key presses, or mouse clicks when GTK+ is in a main event loop. GTK+ 

determines the corresponding widget (object) and then emits the appropriate signal. The 

signal contains the signal context states and data to be processed. The corresponding 

signal handler function is then activated to process the specific task according to the 

signal states and data. For instance, when the user wants to load a thin section image, the 

file selection dialog is created to wait for the user input. After the user clicks the “OK” 

button, the event of a mouse click is transmitted to the GTK+ system, GTK+ knows the 

event is from button “OK” from file selection dialog, then generates and emits a signal 

which contains the file path name and button ID. The system then activates the file 

loading procedure by passing the signal data value. The file load procedure can read the 

data and emit other signals to activate the related image decoding procedure and display 

procedure to create a window and display the image. Therefore, we can conclude that 

there are three procedures for a specific user interactive interface design: widget 

construction (object such as but, dialog, window etc.), and signal installation, signal 

handler creation. 

The Basic VARVES GUI environment is shown in Figures 1.5 and 1.6. Sixteen 

general tool buttons are in the main tool bar. When images are loaded, multiple image 

windows can be created. The image window can have multiple images (objects), whose 

attributes can be viewed and edited through the object manager window. The image 

processing and analysis algorithms are activated through the image window menu items 

or mouse right clicks.  
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2.2.4 Algorithm Development 

 The algorithm layer handles the most computationally intensive tasks of the 

VARVES application. The algorithm layer not only maintains many private image related 

data structures, but also makes use of many existing image structures from GIMP, GTK+, 

GDK, and Glib libraries. Although these structures are not available in the standard C 

language, they are all free, open sources, and optimized for image processing algorithms. 

Since these libraries are written in the Object C language, it is very convenient to use the 

data structures and routines directly or customize our own data structure from them by 

inheritance without modifying the library code. We can also make use of the image 

processing routines designed for these library data structures. Algorithm development 

based on these libraries not only makes the development faster by reducing the repeated 

coding work for the general image manipulation routines, but also makes the system 

more reliable by using the existing, exhaustively tested libraries functions. All we need to 

do is to make use of the library APIs as much as possible and concentrate on our 

specialized new image processing and analysis algorithms when they are not available in 

the libraries.  

Parameters Variable name Data type 
Image ID id gint 

Image width width guint 
Image height height guint 

Image layer container layers gimpcontainer 
Current image layer active_layer Varvelayer 

(a) VARVES image structure 
Parameters Variable name Data type 

Layer ID id gint 
Offset in image window offsetx, offsety gint 

Width and height of layer width, height guint 
Layer image data *tile TileManager 

DSW profiles dsw_profiles DSWprof 
(b) VARVES image structure 
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Table 2.1 VARVES image and layer data structures. (a) VARVES image structure. (b) Varves 
image structure. 

 

The image data structure we used in VARVES application is inherited from 

GIMP library. The main parameters used in VARVES are shown in Table 2.1. In 

VARVES, the basic unit of image data structure is the layer. Multiple layers are 

organized into an image structure. For example, each varve thin section image can 

correspond to a layer structure. A multiple core image which consists of many thin 

section images is stored as an image structure. The reason for this hierarchical design is 

that it facilitates the manipulation of different thin section image in one varve chronology 

analysis workspace or project. If we organize multiple thin section images of one analysis 

task into one flat image data structure which contains all image data in a single 

coordinate system, it is impossible to distinguish different thin section images and apply 

different operations such as moving, scale, calibration on them. 

 For image structure, each instance corresponds to a varve analysis workspace (the 

term “image” used here is sort of ambiguous, because it does not really mean a single 

image, instead, it means a set of thin section images entered into our current varve 

analysis workspace). Each image structure instance has a unique ID which is an integer 

number. “gint” and “guint” are Glib wrapped signed and unsigned integers whose 

corresponding types in standard C library are “unsigned int” and “int”. In our 

environment, they are 32 bit integers, which are large enough to represent large 

dimension image data. Image layer container contains a list of layers.  

The layer structure main parameters are shown in Table 2.1(b). It is similar to the 

image structure but with its own data parameter space such as offset relative to the image 

structure, ID, height, width and some other varve analysis data structures such as DSW 
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profiles (discussed in Chapter 4). The most important difference is that it holds the real 

image data in a data structure, TileManager, a GIMP library structure, which was 

designed for efficient image handling. Tiling is a very important technique especially 

when we want to handle large amounts of image data. Our graphics are two dimensional, 

but the associated memory is accessed by a one-dimensional index. The usual approach 

to storing a graphic is to store the whole thing as one long array, stringing one row after 

another. This works fine, until your images get rather large. Say you have a 10000 x 

10000 RGBA (Red, Green, Blue, Alpha) band, which takes 400 Mbytes. Drawing a 

vertical line down the image requires loading the entire thing into active memory, every 

row from top to bottom. The tiling approach breaks the image into a series of tiles. Now 

when you draw that vertical line, only the affected tiles need to be in memory. There are 

several other benefits from tiling management. First, for large image manipulation, only 

the part of the image in the current display window is loaded to physical memory, which 

reduces the physical memory consumption and makes the program faster. Second, when a 

small part of the image is modified, such as a small region of interest (ROI), copying 

back to the disk by tiling management means that only the tiles overlapped by the ROI 

are copied. 

All varve image processing, analysis and measurement algorithms are developed 

under this environment. The detailed algorithm descriptions are discussed in Chapter 3–5.  

2.3 Data Import and Export Capability 

From the software requirement analysis, it can be seen that the input of VARVES 

is images, and the output of the software are images and data. So we have to specify what 

kind of data can be imported and what kind of data the program should produce. 

   



 42

First of all, by incorporating many popular image decoder libraries, VARVES can 

handle most of the popular image formats, as well as raw data if the necessary 

information is provided. Here is the complete list of the formats that can be accessed.  

• Lossy compressed image: JPEG, TIFF, PNG, GIF 

• Compressed vector image: EPS, PDF, WMF, PS, SVG 

• Lossless compressed/uncompressed image: BMP, PGM, DICOM, ICO, 

PNM 

• Uncompressed layer-enable vector image: GIMP XCF, Photoshop PSD 

VARVES is able to output image data in above image formats. For the output 

analysis and measurement data, the VARVES should output the data in some appropriate 

formats. VARVES is able to produce the varve identification, measurement, DSW profile 

data and so on in plain text and Microsoft Excel formats. A private project file format is 

also defined to hold the creation information of this project. It is also designed to reload 

the analyzed image and data at any stage. The detailed format and organizing of the data 

files are given below.  

VARVES keeps track of each transformation made to a given image, and allows 

the user to keep track of the data collected, in the coordinates of the original image 

sample. After finishing the analysis and measurement, the data and images are saved into 

a set of file structures. 

A workspace containing a set of analysis and measurement data and core images is 

defined as a project in our software. One project file and two subdirectories, in which the 

data and images are stored, are created when the user saves the project (Figure 5.2). The 

project data saved consists of, 
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 Core images. They are saved as a private data file format (.xcf) which can keep all 

of the layer and channel information of the workspace. Other than that, VARVES 

can handle most of the popular image formats such as JPEG, PNG, PMG, TIFF, 

EPS, PDF, BMP, DICOM, etc. Therefore, optionally, the core image can also be 

saved as one of those image formats. 

 DSW profiles for different core images. They are saved into an EXCEL 

spreadsheet file. 

 Control points defined for different core images. They are saved into a project file. 

 Varve identification results, including number of varves, depths, varve ID type 

(manual/auto) etc. They are saved into an EXCEL spreadsheet file. 

 Varve boundary maps. They are saved into a boundary map file. 

 Varve thickness measurement data, including varve average thickness and 

standard deviation. They are saved into an EXCEL spreadsheet file. 

 Varve Transformation Shift Arrays. They are used to track all data 

transformations. 

These data are organized by the disk storage structure shown in Figure 2.3. The 

project file records the index and status of each set of measurement data and images. For 

example, it consists of project name, core image path location, DSW profile status, 

Region of Interest (ROI) parameters, control point information, varve identification status 

and number etc. Figure 2.4 shows the structure of the project file. The image directory 

stores the uncompressed image in “gimp xcf” format [19]. The data directory contains the 

data files of the analysis and measurement results, which are described above. 
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Project (directory)

Project file (*.prj)

Images (directory)

Data (directory)

Core image (*.xcf) 

DSW Pofiles (*.xls) 

Varve ID (*.xls) 

Varve Thickness (*.xls) 

Varve Boundary Map(*.raw) 

Varve shift array (*.xls) 

Figure 2.3 VARVES project disk storage structure. 

 

Project file (*.prj)

Project name

Core image location path

DSW profile status for different cores 

ROI parameters for the DSW profiles 

Control points

Varve ID number

Varve boundary map status

Varve thickness status

Transformation shift array

Figure 2.4 Project file structure. 
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CHAPTER 3 VARVE IMAGE PROCESSING 

3.1 Varve Image Acquisition 

As discussed in section 2.1, modes of varve raw data acquisition and analysis are 

highly variable from lab to lab, and are still developing. Most labs involved in varve 

analysis already have their own digital cameras (often connected to various types of 

microscopes) and scanners. Moreover, varve analysis often includes images collected 

with scanning electron microscopes (SEMs) or other expensive instruments, often housed 

some distance from the varve analysis lab. Therefore, our application is pure software 

which is independent of image acquisition hardware. The thin section images from our 

image acquisition stage as well as many other kinds of images acquired from different 

image acquisition systems are used in our system development and testing.   

The thin section image acquisition stage we have is widely used in varve research 

communities. The thin section images are acquired from a Nikon Digital Still Camera 

which was later replaced by a better Digital SLR Cannon Rebel XT camera. Both 

cameras produce color images with a spatial resolution of about 20 pixelm /μ . A 

backlight fluorescent illumination source is positioned under the glass table. A 50mm 

long transparent ruler with minimum scale of 100 mμ  is placed adjacent to the thin 

section varve sample for accurate spatial calibration. Three transparent color strips (red, 

green, and blue) are also included in the frame.  

The original VARVES images can be acquired by different digital cameras or 

scanners with different optical configurations. Even for the same optical configuration of 

a camera, the color calibration changes with time. Figure 3.1 shows the means of R, G, 
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and B colors changing for 18 continuous images of the same object. The images are taken 

with a time interval of about 2 minutes.  

In order to remove the variations of illumination, geometry and color to produce 

reliable and accurate analysis and measurement results, the images have to be processed 

before any analysis and measurement. The image processing functionalities we provided 

in this software include color calibration, spatial calibration, color and contrast 

adjustment, image segmentation, and image spectral linear transformation. 
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Figure 3.1 Image color calibration statistics. (a) Color strip test image. (b) Mean of different 
colors before and after color calibration. 

3.2 Color Calibration 

The color images produced by our digital camera are represented in red, green, 

and blue (RGB) color coordinates. Although a number of different color coordinate 

systems (such as CIE- , CIE-XYZ, and HSV) which can be related to the human *** baL
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vision system are used in varve image analysis and camera parameter estimation based 

color calibration [3], the color images from a digital camera are initially in the RGB 

space. In our environment, we are dealing with image–based color calibration which is 

independent of image acquisition devices. Therefore, our color calibration is based on the 

RGB color image directly, once the calibration is done, we can transform it into different 

color spaces. The color space transformation will be discussed in Section 3.6.2. Two 

color calibration methods are implemented in this software as described below. 

3.2.1 White Background Based Calibration 

Since the thin section images are usually taken on a fluorescent light back-

illuminated stage, we can reasonably assume that the background of the thin section 

image is “white”. For white background based calibration, the user clicks on the white 

background to sample values, and then the image color is adjusted such that the white 

background region becomes “true white” (R=G=B=255) according to the following 

equations,   

i
icoef

μ
255

=                   (3.1) 

}),({),(ˆ
iii coefnmfRoundnmf ×=    (3.2) 

Where i represents R, G, B color respectively, iμ  is the mean of the white background 

region for each of the three colors, is the original pixel value for color i and 

 is the calibrated pixel value for color i. If >255, it is clipped to 255.  
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Figure 3.2 Color calibrations. (a) Thin section image B2000-2N-i. (b) White background based 
image color calibration. (c) Color strip based image color calibration. 
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3.2.2 Color Strip Based Calibration 

Sometimes when the thin section images are taken, three well-calibrated color 

strips may be presented near the sample, and then we can make use of this information 

for color calibration. The user clicks on the red, green and blue color strips in the image 

respectively, and then the means of the three color strip regions are calculated. The color 

value of each pixel is then adjusted such that the red, green, blue regions become “true” 

red, green, and blue. The equation used for calibration is the same as for the white 

background based method. 

The color calibration results by the two methods are shown in Figure 3.2.  It can 

be seen that the color calibration from color strip method produces more natural visual 

result, at least for this sample and illumination. 

3.3 Spatial Calibration 

Accurate and reliable measurement of size and geometry is a crucial aspect of 

varve analysis. However, geometric measurements in digital images can be biased by 

various factors such as lens distortion or optical configuration variation etc [3]. After 

many experiments with different digital cameras, we found that the lens field geometric 

distortion is negligible for current digital SLR cameras. If any lens field distortion were 

presented, it would be imaging device dependent which makes it hard to model. 

Therefore, we are not going to discuss lens distortion in this dissertation.  

So we will focus on the length normalization which removes the scale variation 

between different thin section images. There is a ruler in each thin section image acquired. 

By using the scale in the ruler, we can do absolute length standardization. The software 

has a default preset length scale (50pixel/mm or 20 mμ /pixel). The tool set for length 
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standardization includes a ruler scale measurement graphical tool and a length 

standardization control dialog. The user has to measure the ruler scale manually in pixel 

units first, and then input the actual length measured. The program will store this value in 

the image data structure and calculate a scale value to make the unit of the image 

(pixel/mm) consistent with the preset unit. Then each thin section image is rescaled by 

the same procedure. Since all thin section images have the same preset unit, the rescaled 

thin section images have the same absolute spatial scale unit (if we don’t change the 

preset length scale, all images should have the unit of 20 mμ /pixel). Two resampling 

methods are used in the rescaling, bilinear and cubic interpolations. Four neighbor pixels 

are used to produce the new pixel value in the bilinear interpolation while a 4-by-4 

neighborhood is used in the cubic interpolation. The bilinear option is faster but may 

incur smoothing in the rescaled image. The cubic method is slower but can avoid that 

[20]. This spatial calibration not only set up the relationship between pixels and thin 

section physical size, but also makes the following measurements and analysis in the 

same scale for all images. 

An example is illustrated by Figure 3.3. Figure 3.3(a) shows a thin section image 

with a glass ruler. The known absolute length (Euclidean distance) of the ruler is 

measured with the unit of pixels first. In this example, the 15mm length is measured and 

the actual length (in pixel unit) is 696.1 pixels. Then the actual scale of this image 

is pixelmpixelm /5486.211.696/15000 μμ = , which means that each pixel occupies larger 

physical area than our preset absolute scale, 20 mμ /pixel. To make each pixel as large as 

20 mμ , we have to increase the number of the pixels of the original image, or 

equivalently, rescale the one pixel in original image to pixel07743.120/5486.21 =  in the 
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rescaled image. Figure 3.3(b) shows the rescaled image where bilinear interpolation is 

used. The scale of this image becomes 20 mμ /pixel. The spatial calibration applied on 

multiple thin sections is shown in Figure 3.4. 

 

Figure 3.3 Image spatial calibration of thin section image from Bosomtwi Lake. (a) Original thin 
section image. 15milimeter is measured in the ruler. (b) Thin section image after spatial 
calibration. The preset absolute scale is 20 mμ /pixel, actual scale of original image is 
21.5486 mμ /pixel. The rescale factor applied on original image is1.07743. 

3.4 Color and Contrast Normalization 

After image color calibration and length standardization, the thin section images 

are imported to a software workspace to merge into larger core images. Different thin 

section images from the same core may have different color and contrast, which can 

make the subsequent analysis and measurement algorithms (i.e. boundary, varve 

identification) produce artifacts. To avoid this situation, it is necessary to normalize the 
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color and contrast across all thin section images from the same core. Using this tool, the 

user selects the neighboring image region areas in two thin sections (shown in Figure 

3.4(a)). The statistics (mean and standard deviation) are then calculated for upper and 

lower selected regions. An image statistics normalization routine applied on the whole 

image is then used to match the statistics of both regions. The following equation shows 

the calibration logic for each color band (R, G, and B).  

i
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where  represents R, G, B color respectively, and  are the means of the 

reference and target region for two thin section images in color component ,  and 

 are standard deviations of the target regions of both images in color component i , 

 is the original pixel value for color i and  is the calibrated pixel value 

for color i. If >255, then it is clipped to 255. From these equations, we can see 

that the normalized images have the same color statistics for the selected regions. Figure 

3.4(b) and (c) shows the image color and contrast normalization result. It can be seen that 

the color and contrast variations between multiple thin section images are significantly 

reduced. 
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Figure 3.4 Thin section image calibration results for Bosomtwi Lake sample B2000-4N-O to 
B2000-4N-P. (a) Image color normalization neighboring region selection diagram. The 
shadowed areas are the neighboring regions selected. (b) Before spatial calibration, color and 
contrast normalization. (c) After spatial calibration, color and contrast normalization.  
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This method assumes that there is little contrast and color variation in each thin 

section image, which means the statistics of a thin section image can be represented by 

the neighboring image region selected. This assumption is valid for most of the thin 

section images. However, it produces artifacts when there is a significant color variation 

in one thin section image. Figure 3.5 shows the case described above. In this example, all 

three thin section images have some color and contrast variations inside of each image. 

The color normalization can only normalize the color and contrast in the selected 

neighboring image regions. As shown in Figure 3.5(b), this results in a smooth color and 

contrast artificial changes across the three images. Fortunately, our subsequent image 

analysis is based on the DSW profile (discussed in Chapter 4), in which this smooth 

artificial color change trend can be removed by polynomial curve fitting.   
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Figure 3.5 Color normalization on B99-5-DEF thin section images from Bosomtwi Lake. (a) 
Three thin section images before color normalization. (b) Images after color normalization. 

   



 57

3.5 Thin Section Image Segmentation and Merging 

After image calibration and normalization, we have to merge the thin section 

images from one core sample to form a single core image. As shown in Figure 3.2, the 

thin section image has a ruler, color strips and a large area of background pixels. These 

objects make the thin section image merging difficult, affect image analysis, and 

consume lots of memory in the program. After image calibration, they are totally useless 

and then should be removed. A region growing image segmentation algorithm is 

designed to segment the thin section image out of the background. 

The algorithm performs segmentation based on specifying a set of seed pixels in 

the image. The seed are the selected square of pixels, and the pixels directly adjoining the 

seed are included in the segment if their colors are sufficiently close to the color of the 

seed. This creates a second set of selected pixels. This process is repeated with the 

neighboring pixels of the second selected set, and so on, until no more pixels can be 

added [21]. The algorithm consists of the following steps, 

1. Select relative uniform region as the seed pixels and calculate the mean iμ  of 

the seeds , initialize the seeds as the current segment iseed

2. Join each of the unclassified neighbor pixels of current segment into 

this segment if it is satisfied the following equations, otherwise, classify it as 

background pixel. 

),( nmP

TnmP RR ≤− μ),(        (3.5) 

TnmP GG ≤− μ),(            (3.6) 

TnmP BB ≤− μ),(            (3.7) 
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3.   Update the mean iμ of current segment. Go to step 3 if there are more 

neighbor pixels to be segmented, otherwise terminate the procedure  

Figure 3.4 shows the segmentation result of one thin section sample image from 

Bosomtwi Lake.  

Generally, this algorithm works well for most of thin section images because most 

have high contrast between the background and the thin section. However, it sometimes 

is difficult to get good results for low contrast images. This is because it is hard to find 

the seed pixels and threshold parameter that will produce the segmentation we want, 

especially when the image contrast between a background and varve thin section is low. 

A good result depends on the carefully selected seed region and threshold. Therefore, a 

manual intelligent scissor region selection tool [21] is borrowed from GIMP library in 

case the automatic segmentation fails. This tool generates a segmentation boundary from 

several key points the user designates in the image. The boundary follows the path 

between a pair of designated points to make the cumulative sum of the gradient 

magnitude maximal. If the generated segmentation is not desirable, the user can adjust or 

add more points dynamically until a good result is achieved. Figure 3.7 shows a thin 

section image from glacial sediments. The contrast between the thin section and the 

background is relatively low while the texture in the thin section is relatively nonuniform. 

The automatic segmentation method does not work at all for this example. By using the 

manual segmentation tool, we can select the thin section successfully.  
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Figure 3.6 Thin section image segmentation by automatic region growing. 

After segmentation, we can combine the thin section images to form a core image. 

The merging tool automatically adjust the thin section image positions from top to 

bottom such that the adjacent thin sections touch each other and the horizontal centroid 

coordinates are aligned, then merges the multiple thin section image as a single core 

image. Figure 3.8 illustrates the diagram of thin section image merging, where the red 

dots denote the centroids of the thin section images. A core image formed by three thin 

section images is shown in Figure 3.5(b). 
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Figure 3.7 Thin section segmentation by manual designated points. The red dots are key points 
input by user. The dash line is the segmentation boundary.  

 
Figure 3.8 Thin section image merging diagram. 
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3.6 Image Enhancement and Transformation 

3.6.1 Color Image Enhancement and Noise Suppression 

Enhancement methods deal with highlighting some portions or components of an 

image. It involves modification of the pixel values to make the image easier to interpret 

and to prepare it for analysis. From this point of view, image smoothing, image 

sharpening, and image equalization all belong to image enhancement. However, 

theoretically image enhancement does not add more information to the “enhanced” image, 

so it should only be used for the varve images which need human analysis or inspection, 

and not used for computer vision image analysis algorithms. In our VARVES program, 

we provide several image enhancement methods (contrast enhancement, histogram 

equalization, and color balance etc.) and noise suppression methods. Noise suppression is 

usually used as a preprocessing step to the image analysis algorithms. The other image 

enhancement methods are just designed for manual use, and are not directly used in our 

image analysis algorithms (Chapter 4). In this section, the noise suppression and some 

image enhancement methods available in our software are discussed. 

Some common image noise suppression techniques are describled in [3]. An 

optimal noise filter reduces noise in an image while maintaining most details of interest. 

Median filters and hybrid-median filters are effective in suppressing noise without 

modifying much of the information in the image [20]. They are particularly good for 

reducing single or line pixel noise (“pepper noise”) and do not blur boundaries much. 

This filter is implemented in the SADIE library and can be called in VARVES program. 

Another common filter is the smoothing filter, which produce a value for each pixel by 

weighted sum of a neighborhood window. A Gaussian window smoothing filter is 
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provided in our program. The window size can be changed, and in our image analysis 

algorithm, we usually choose a 33×  or 55×  neighborhood window. 

Four kinds of image enhancement tools are provided: image sharpening, contrast 

stretch, brightness and contrast adjustment, and histogram equalization. Image sharpening 

is achieved with a High Boost Filter (HBF) which enhances the high frequency 

components of the image. The user can adjust the sharpening factor to control how sharp 

the sharpness. Contrast stretch is an automatic tool without user intervention. It calculates 

the image maximal and minimal pixel values and linearly stretches the image pixel value 

range to [0, 255] range. It can increase the contrast when the image pixel values are 

distributed in a smaller range. Brightness and contrast adjustment is a user interactive tool. 

The user can change the brightness and contrast of the image by a graphical interface to 

obtain an ideal visual result for human vision. Histogram equalization is another tool to 

get better visual results by adjusting the pixel value distribution. This histogram 

equalization function is the image histogram itself. Therefore, the histogram of the 

enhanced image tends to be a uniform distribution [20]. Histogram equalization is 

effective to improve image contrast. Figure 3.9 shows the image enhancements by linear 

stretch and histogram equalization. The histogram equalization increases the visual 

contrast dramatically (Figure 3.9(e)), and the enhanced image histogram becomes nearly 

uniform. 
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Figure 3.9 Varve image enhancements. (a) Part of varve thin section image. The min and max of 
the histogram is 0 and 255 here. (b) Original histogram. (c)Linear contrast stretch image. Note 
that linear stretch does not increase the image contrast significantly for this example because 
original image histogram already almost expands from 0 to 255. (d) Linear contrast stretch 
image histogram. (e) Histogram equalization image. (f) Equalization enhanced image histogram. 
 

3.6.2 Color Space Transformation 

The systems useful today for color specification include RGB, HSI, CIE XYZ, 

CIE xyY, CIE L*u*v* and CIE L*a*b*  [3] [22]. The RGB is the standard color image 

data format produced by current digital cameras. Generally, RGB is not a good color 

space for human vision because human eyes have significantly different spectral 

luminance efficiency. For example, the relative values of R, G, B spectral luminance 

   



 64

efficiency is about 0.2125, 0.7154, 0.0721 for a unit of intensity of R, G, B light. But for 

scientific image analysis by computer, RGB color system is convenient. The discussion 

of different color space properties and transformation are beyond the scope of this 

dissertation, in this dissertation, only RGB and grey level images are used. Therefore, 

only the conversions between RGB color image and grey level images is carried in our 

program. For the grey level image, the brightness of a pixel is defined as the following 

equation by CIE recommendation 709 [3]. 

BGRY 0721.07154.02125.0709 ++=     (3.8) 

This equation is widely used in image processing applications.  Some systems compute 

brightness using (R+G+B)/3. This computation not only conflicts with the properties of 

color vision, but also conflicts with grey level conversion defined in most of image 

processing libraries, which makes it difficult to inter-operate between VARVES and 

many existing useful open-source image processing libraries. So we chose the above 

equation to do color to grey-level image conversion. 

3.6.3 Principal Component Transformation 

In the image analysis algorithms we will discuss in Chapter 4, analysis of single 

band data is usually enough for some computationally intensive operations such as DSW 

profile computation. Because different color bands are highly correlated, analysis for 

every individual band is neither efficient nor necessary. We have to choose the band with 

the largest information (or contrast) of the varve image to do the analysis. This band is 

called the primary band and could be Red, Green, or Blue band or the grey-level (band 

weighted average) component. Different varve images have different color tones and thus 

have different primary bands. It is not reasonable to assume one of the color bands is the 
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primary band. The principle component analysis method widely used in remote sensing 

image analysis can decorrelate the dependency between different bands of a multiple 

spectral image [20], and keep most of the information of the multi-spectral image in the 

first PCA band. Therefore, we can apply the PC decomposition on the varve color image 

and choose the PC component 1 as the primary band for our analysis.  

PC transform is a linear transformation that transforms the data to a new 

coordinate system such that the greatest variance by any projection of the data comes to 

lie on the first coordinate (called the first principal component), the second greatest 

variance on the second coordinate, and so on. It is defined as the following function, 

DNWPC PC ×=     (3.9) 

where  is a matrix determined by the multi-spectral image DN. This transformation 

alters the covariance matrix of the multi-spectral image as follows, 
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PCW  is determined by the eigenvectors and kλ  is the kth eigenvalue of covariance 

matrix C . Figure 3.10 shows the PCT transformation images for a varve multispectral 

image. It can be seen that the component 1 preserves most of the contrast of the color 

images. We can generate a DSW profile from this single band instead of from all color 

bands (Chapter 4). 

PCA can not only be used to calculate a primary band from color images, but also 

can help analyze other multiple spectral images such as X-Ray Fluorescence (XRF) 

element scan image. Figure 3.11 illustrates a PCT of a 10 element XRF 2-D scan map. 
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The first two rows show the 10 element scan map, the lower two rows show the 10 PCT 

components. More XRF analysis by using PCT can be found in [23]. 

 
Figure 3.10 Color image PC transformation. Note that the contrast of the color image 
concentrates to the first PC component, and the PCT images are contrast streched to get a better 
visual effect. 
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Figure 3.11 Ten band XRF data PC transformation. Ten elements are scanned for this varve 
sample. 
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CHAPTER 4 VARVE IMAGE ANALYSIS 

To analyze and measure the varve annual layer characteristics, varve chronologist widely 

use line scan profiles along the core image sample. This method is simple but prone to 

error because rocks, holes, gaps, discontinuity of varve layer features and noise may 

contaminate the profile measured. Rather than using single transects across varves, we 

propose a novel Dynamic Spatial Warping (DSW) algorithm to capture varve band 

variations across all transects in the 2-D varve image. A DSW profile is generated by this 

algorithm. The core image registration, varve identification, and varve boundary 

identification algorithms are also based on this algorithm. More description about these 

functionalities is presented in section 4.2-4.5. 

4.1 Dynamic Spatial Warping (DSW) Algorithm 

The Dynamic Spatial Warping algorithm is based on the Dynamic Time Warping 

(DTW) algorithm [24]. Dynamic Time Warping (DTW) is a standard technique used in 

speech recognition. Generally speaking, it is an optimization procedure to find the 

nonlinear match between two signals by using a dynamic programming technique. Figure 

4.1(a) shows two signals before and after nonlinear alignment.  
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  (a) 

 
 (b) 

Figure 4.1 Two nonlinearly matched signals. (a) Two signals before alignment. (b) Two signals 
after optimal alignment[25] . 
 

A simple linear alignment involves either linear stretching or compressing of one signal 

sample to match the other as shown in Figure 4.1(a). Apparently, this method is not 

   



 70

entirely satisfactory since it does not guarantee that the internal parts of the patterns will 

be properly aligned, although it does give proper alignment of the beginning and end of 

the patterns. What is really required is an alignment function, which properly matches the 

internal features of the patterns as in Figure 4.1(b). The problem of finding an optimal 

alignment path can be formulated as a Dynamic Programming problem. Since the signals 

in our context are in the varve image spatial domain, we named the signal matching 

procedure Dynamic Spatial Warping (DSW) [25]. The DSW algorithm is a very useful 

tool in our software. It can be used in DSW profile generation, core image matching, 

varve laminae identification, etc. The initial DSW application to varve images was 

introduced by Vishwas Kulkarni in his MS thesis [25], this dissertation describes further 

development for DSW algorithm and its applications.  

Dynamic Programming (DP) is an extensively studied and widely used tool for 

solving sequential decision problems in operations research. It is generally used in 

problems in which one needs to find an optimal path from one point to another in a set of 

N points, given the costs of traversing from point i to point j, or finding an optimal path 

with minimum cost of M steps from point i to point j. By applying a few constraints, a 

constrained optimal path can be found using DP. 

Dynamic Programming has been used in image processing in many applications. 

One of the earliest works by Amina et. al. [26] uses DP for solving variational problems 

in vision. The class of problems that have been dealt with include segmentation, detection, 

tracking and matching of deformable contours. DP is applied for energy minimization of 

active contours. For example, in [27] an algorithm using DP to detect, track a deformable 
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contour that is passes near user-selected points but not necessarily passing through them 

is suggested.  

Another paper [7] uses dynamic programming to do the signal matching of 

paleoclimate records. The algorithm presented in this paper utilizes dynamic 

programming to find the globally optimal alignment of two records. Some penalty 

functions are defined for undesirable behavior such as unlikely changes in accumulation 

rate. It can automate the alignment of two records with less effort than hand tuning. By 

using user input record segments start and end points and assigning appropriate penalty 

value for them, the program developed in this paper can also match two signals with low 

signal-to-noise ratios, gaps. However, the limitation of the algorithm is the computational 

efficiency. Since the cost function defined in [7] is complicated and the search range is 

the full possible range of the search plane, the matching procedure is very slow. Our 

dynamic programming based DSW algorithm uses different cost function, search range to 

overcome this problem. The detailed DSW algorithm is discussed in section 4.1.1-4.1.4.  

4.1.1 Searching Constraints 

For an actual matching problem, it is neither necessary or practical to search the 

all possible regions to derive the optimal path. Several constraints were defined in our 

DSW algorithm. Before explaining the constraints, we have to define some quantities. 

Let , and , )(mX Mm ,...3,2,1= )(nY Nn ,...3,2,1= denote two signals to be matched.  

 is the optimal mapping path function which maps  to . Note that 

 is not necessarily an integer, which means that a point in  may be mapped to 

a decimal position of . Under this situation, interpolation is applied in the matching 

procedure. 

)(kP

Kk ...3,2,1= )(mX )(nY

)(kP )(mX

)(nY
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• End and start point constraints – The end points of the two signals are assumed to 

match. i.e., 

1]1[]1[ == nm , NKnMKm == ][,][     (4.1) 

Where m and n are two signals, and M and N are the lengths of the two signals. 

• Monotonicity constraints – The order of the sequence is very important. To 

maintain the order, monotonicity constraints are applied. The constraint implies 

that the slope of the path is always positive. i.e., 

)()1( kmkm ≥+  and )()1( knkn ≥+     (4.2) 

• Local continuity constraints – The optimal path should not result in omission of 

any important information. Since the optimal mapping path  is not 

necessarily an integer, a sample at an integer position of one signal may be 

mapped to a sample at a decimal position of another signal. Therefore we have to 

assume local continuity in each signal, such that a local similarity evaluation 

between two signals is possible. Local continuity constraints are met by 

interpolation. 

)(kP

• Local path constraints– These local constraints are specified by sets of allowable 

paths to reach a point (m, n) in the search space. Two parameters, window length 

L and slack t are specified in this constraint. The local constraints for the DSW 

algorithm with window length L and slack t are shown in Figure 4.2. In Figure 4.2, 

the local constraint paths are specified by slack factor t=5, and window length 

L=5. The slack factor t defines the number of allowable paths, and also represents 

the maximum amount of stretching or compressing that could be used.  
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The allowable paths are P1, P2, … Pt. when Pi is from (mi ,ni) to (m, n). In the 

implementation,  

ni = n-L+1+⎡t/2⎤ - i,  mi = m – L +1     (4.3) 

Thus the slope of the path Pi is,  

 ∂i = (L- ⎡t/2⎤ + i)/L     (4.4) 

The DP recursion then becomes,  

  D(m,n) =min
i

{D(mi −1,ni −1) + ζ ((mi,ni),(m,n))} ∀i ∈ [1,t] (4.5) 

The local distortion ζ((mi,ni),(m,n)) is the similarity along the local path Pi. It is 

computed by interpolating the reference Y between the lines [ni,n] and  [mi,m]. A 

section having starting position ns and ending position ne, can be transformed to 

points starting at ms and ending at me by first computing the points 

p j =
j

me − ms

(ne − ns) + ns; j = 0,...(me − ms)   (4.6) 

and then calculating the slope of Y(ms+j) by linearly interpolation between the 

points in Y adjacent to pj [4]. 

Thus, 

ζ((mi,ni),(m,n)) = ]),[],,[( mmXmmYd ii′    (4.7)  

 Where  denote the transformed reference sample  (See 

section 4.1.4). 

],[ mmY i′ ],[ mmY i
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Figure 4.2 Local path constraints. P1, P2, … Pt are t allowed paths equally distributed above 
and below the path with slope=1. In this case, t=5, L=7. The slope of the paths are from –(L-
t/2)/L to (L+t/2)/L. 
 
• Global path constraints – To satisfy the end point constraints using the allowable 

paths, the optimal path must lie within a grid of points. This also reduces the 

search space for the optimal path. A special grid can also be specified to improve 

the speed of the algorithm by reducing the search space. Various global legal 

ranges are used in DP problems, In the VARVES implementation, the global 

constraints are specified by a maximum allowable shift. Figure 4.3 shows various 

global search regions, the type I global constraint is used in [25]. To conform to 

end point constraints, we use type III global constraint in VARVES. 
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Figure 4.3 Global path constraints. The maximum shift defines the global legal range of 
operation. The shaded area is the global legal range. Note that type I and type II constraints can 
not conform to the end point constraints defined above, so type III, which is a modification of type 
I constraint is used in VARVES.   
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4.1.2 Similarity Measure 

Two main candidate metrics can be used to measure the similarity of two signals in DSW 

algorithm, like Euclidean distance and correlation coefficient. Both of them are used in 

VARVES program. 
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where  and  are Euclidian and correlation coefficient similarity 

measures respectively, 

),( nmdEuc ),( nmdCC

)(mXμ  and   represents the local mean and standard 

deviation in the range [ ]

)(mXσ

2/,2/ LmLm +− of X, while )(nYμ  and  denote the local 

mean and standard deviation in the range

)(nYσ

[ ]2/,2/ LnLn +− of Y. For the Euclidian 

distance measure, exactly matched signals produce a similarity measure of 0, while 

totally mismatched signals produce a large value. Thus the cost or distance function is 

defined in each iteration as the sum of the current similarity measure and the optimal 

cumulative minimum cost function value (Equation 4.5). However, in Equation 4.9, 

exactly matched signals produce a similarity measure of 1, while totally mismatched 

signals produce a small value close to 0. To make it consistent with the definition of the 

cost function, the correlation coefficient similarity measure in our program is redefined as: 

),(1),(cos_ nmdnmd CCtCC −=      (4.10) 

One problem with the correlation coefficient similarity measure is that  is not 

well defined if 

),( nmdCC

0=Xσ or 0=Xσ , i.e. if one or both of the local signals are constant. 
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Trying to use  for this case is inappropriate, because the ranges of  

and  are inconsistent. An alternative similarity measure to solve this 

problem is defined. If both standard deviations are zero,  is set to 1. If only one 

of the standard deviations is zero, a normalized distance measure  is used 

instead, 
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This measure ensures the value of lies in the range),( nmdND [ ]1,0 . Note that in the 

VARVES program, the square root operations for both measures are ignored to save 

computational time.  

The  is simple and easy to implement, however, it is sensitive to the 

local mean and modulation. For example, let  and be two segments of 

reference and test signals being matched. The lengths of two segments are L. We assume 

that one of the signals is modulated by the other as shown in the following equation,  

),( nmdEuc

)(xfR )(xfT

bxafxf RT += )()(       (4.12) 

where a, b are constants. A good similarity measure should show these two signals to be 

exactly matched and be independent of the constants a and b. However the similarity 

measure given by Equation 4.13 gives, 
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Apparently, it depends on a and b, which makes it less reliable to measure the similarity 

between two signals. But for the correlation coefficient similarity measure,  
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It is independent of a, b, and the signals. But it’s more computationally intensive. 

Therefore we can conclude that the Euclidian distance is more efficient but less reliable, 

while the correlation coefficient similarity measure gives more accurate matching but is 

less computationally efficient. Section 4.2.3.1 shows more test results about using both 

similarity measures. 

4.1.3 Algorithm Description 

The steps in the DSW algorithm are summarized as follows. 

1. Linearly stretch (or compress) Y to match the length of X 

2. Divide X into non-overlapping sections of length L. The length of the first 

section is L/2. All the remaining sections are of length L except possibly 

the last section, which, if less than L/2, is combined with the previous 

section; else it is kept as is, i.e., the length of the last section lies between 

L/2 and 3*L/2.   

3. Initialization, 

m=L1, while n ∈ [lower limit(m),upper limit(m)] 

])),,([],,[(),( 010 nLLnYLLXdnmD −=  

where X[L0,L1] represents the section  of X from L0 to L1

4. Recursion,  
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For m = L2 to Lp

     For n ∈ [lower limit(m),upper limit(m)] 

 D(m,n) = min
i

{D(mi −1,ni −1) + ζ ((mi,ni),(m,n))} ∀i ∈ [1,t] 

 where, ζ((mi,ni),(m,n)) is from Equation (4.12) 

     End For 

End For 

5. Termination, 

d(X,Y) = min [D(M,N’)] ,  lower limit(M) ≤ N’ ≤ upper limit(M)  

The division of X into sections can be done in other ways, e.g. all sections can be of the 

same length L and the last section can be the remainder. But the initialization for the first 

section is still done in the same manner as step 3 in which the interpolation is not 

necessary. 

4.1.4 Optimal Path and Transformation 

After DSW matching, an optimal path is produced to map one signal to the other. 

We know that the optimal path is a monotonically increasing non-linear function. This 

section introduces how to structure the optimal path data in our program. Since both the 

optimal path function value and our data coordinates are discrete, we also introduce how 

to transform one signal to another according to the optimal path, which is very important 

in generating  the varve DSW profile (section 4.2) and performing core image registration 

(section 4.3) algorithms. 

We use a Shift Array to represent the optimal path in the VARVES program. If 

the reference sample Y is plotted along the y direction and the test sample X is along the 
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x direction, (m, shift(m)) is a point on the optimal path. Hence the Shifts array is an array 

of length M having the y coordinates of the optimal path. This is illustrated in Figure 4.4. 

The shift array values can be used to modify either the reference (Y) or the test (X) 

to match the other. They give the locations where every point of X should be moved to 

match with Y. Linear interpolation at integer locations 1 to N using the adjacent 

neighbors from the shifts gives the transformed test sample X. The inverse operation 

transforms Y to match with X. Such transformations are used to compute the DSW 

profile and handle core image registration are described with in later sections. 

Test Sample X

Optimal Path

N

(m,shift(m))

 
Figure 4.4 Illustration of the Shift Array. 
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4.2 DSW Profile Computation 

In this section, DSW profile computation, one of the most important applications 

of DSW algorithm is introduced. The parameters specific to this application are also 

described. 

4.2.1 DSW Profile Algorithm 

Consider the varves section shown in Fig 4.4. The varves data has a lot of 

variation, and the profile of the image will be useful in analysis. A simple approach to 

profile generation is to find the average of the pixels along the columns (in the vertical 

direction). This technique obviously will be inaccurate if there is a lot of variation or 

inclination in the bands (varves) as in the varves data shown. A better way would be to 

average the pixels along the varve bands.  

The basic idea of the DSW profile is shown in the Fig 4.5 with two horizontal 

profiles from the images in Figure 4.4. The two signals are displaced from each other 

dynamically, i.e. the shift between the two is not constant. Figure 4.5(a) shows the simple 

approach of finding the average of the two signals, which is along the columns lines. An 

intelligent averaging would be to find the average along the lines shown in Figure 4.5(b), 

i.e., along the matching points in the two signals. The points that match are found by the 

DSW algorithm, which is applied to adjacent sections starting from the top. The optimal 

path between them is found and the average of the two sections is computed along the 

optimal path. This is done starting from the top section and progressing to the bottom 

section, yielding the DSW average profile. The flow chart in Figure 4.6 shows the steps 

of the DSW profile algorithm. 
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It is assumed that the bands in the image generally run from top to bottom. The 

image can be rotated or vertical sections can be considered if the bands run from left to 

right. The image is divided into horizontal or vertical sections (either overlapping or non-

overlapping). Each section is one or a few lines of data. The column-wise mean of each 

horizontal section gives its profile. For a top-down pass, the iteration is carried from the 

top section till the bottom section. 

The average profile is initialized as the profile of the first section. The first section 

profile is taken as the reference (Y) and the second section profile is taken as the test (X) 

sample. The DSW algorithm is applied to the two profiles to find the optimal path to 

nonlinearly align them. The average profile, which initially matches the reference profile, 

is the modified to match the test section using the optimal path. Then the average profile 

is updated as the sum of the current average profile and the test profile. Thus the average 

profile is aligned again with the test profile (the second section) after the first iteration. 

During the next iteration, the test profile is considered as reference and the next section 

profile is considered as the test. The DSW algorithm is applied and the modification and 

updating of the average profile is carried out as above. This is repeated until the last 

section in the image. Dividing the resulting average profile by the number of sections 

gives the DSW average profile of the image. 
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Figure 4.4 Varves sample image. 

    
  (a)       (b) 
Figure 4.5 The two signals are displaced nonlinearly. (a) Simple direct match points. (b) Match 
points in the two signals, determined by the DSW algorithm. The dashed line are a visual aid. The 
DSW algorithm actually follows nonlinear paths to connect match points. 

   



 84

 
Figure 4.6 Flow chart of the DSW profile algorithm. 

It can be seen that, at the end of each iteration, the updated average profile is 

aligned with the test section, i.e. the last section. This is an advantage over the simple 

profile since there is a physical match between the profile and the image. A varve that is 

identified in the profile can be easily translated to the image. The comparison between 

the DSW profile and simple profile for varves with high curvature bands is shown in 

Figure 4.7. More test results are shown in section 4.2.3.  
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Figure 4.7 Comparison between DSW profile and simple profile. The image is shown on the top. 
The image is of the varve core sample Linne. It can be seen that the DSW profile is smoother and 
is aligned with the lowermost section. In most places, because of the curvature in the bands, the 
simple profile shows fewer bands than are actually present because of column wise averaging. 

4.2.2 Parameter Specifications 

The following parameters need to be initialized for the DSW profile algorithm 

1. Window length, L: Specifies the window length (number of horizontal 

samples) for similarity measurement 

2. Section width, W: Specifies the width (number of rows) of each section 

3. Row step, R: Specifies the number of rows between the centers of adjacent 

sections. It also specifies the number of sections the image is divided into. 

Combined with the section width, it specifies the amount of overlap 

between adjacent sections.  
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4. Maximum offset, Δ: Specifies the maximum allowed offset, i.e. the legal 

range of operation. 

 In the VARVES program, the user can specify the above parameters and other control 

parameters of the DSW profile computation by an intuitive GUI. Figure 4.8 shows the 

parameter dialog. 

 
Figure 4.8 DSW profile parameter dialog. 

The parameters are organized in three groups. The first group is the channel 

parameters. We can choose Red, Green, Blue, Grey level (weighted band average), and 

PCA band 1 as the primary band (defined in section 3.6.3). Which band is chosen is 

dependent on the contrast of this band. PCA band 1 is the first band of principle 

component analysis image. This band has the largest contrast out of all the PCA 

components. Usually, for speed, we choose the Grey level band. 
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The second group is grain size parameter. Some sediment images have a fine 

texture like Bosomtwi (Figure 1.1(c)). The varves in this kind of image are clearer. Some 

sediment images have a coarse texture like Fayetteville Green Lake (Figure 1.1(d)). The 

contrast in this type of varves is usually low. To accommodate the different cases, we 

provide grain size parameter to adjust for image grainess or textural variations. The grain 

size parameter is normalized from 1 to 100, and controls the window length L and 

Maximum shift Δ linearly by Equation 4.15 and 4.16,  

MinMinMax winlenwinlenwinlensizegrainnormalizedlenwin +−×= )(
100

___    (4.15) 

MinMinMax shiftshiftshiftsizegrainnormalizedshift max)max(max
100

__max_ +−×=  (4.16) 

where [ ] and MaxMin winlenwinlen , [ ]MaxMin shiftshift max,max  define the changing ranges of 

 and  respectively. If the texture is finer, the window length and the 

legal range are smaller, and the DSW works well with the small grain size parameter. If 

coarser, a larger grain size parameter is necessary.  

lenwin _ shiftmax_

The third group specifies direction parameter. The user can generate the DSW 

profile from right to left or from left to right (in the software, we align the core image 

such that the varve bands are oriented horizontally). This option is useful for DSW core 

to core matching.  

The optimal parameter set for a DSW profile depends on the core image. 

Different parameter configurations may produce significantly different profiles for 

complicated varve samples. Test results are shown in section 4.2.3.2. 

   



 88

4.2.3 DSW Test Results 

4.2.3.1 Similarity Measure Tests 

As analyzed in section 4. 1.2, the Euclidian distance similarity measure is more 

efficient but less reliable, while the correlation coefficient gives more accurate matching 

but less computationally efficient. Several test results are presented in this section to 

demonstrate the performances of both measures.  

 A synthetic image and its distorted versions are composed to test the DSW 

algorithms using different similarity measures. The synthetic image is a horizontal sine 

wave which has clear bands for DSW matching (Figure 4.9(a)). Figure 4.9(b) is produced 

from Figure 4.9(a) by two steps. First, the synthetic sine wave is distorted by Photoshop 

“liquefy” distortion tool on some parts of the image. This spatial distortion is a non-linear 

transformation. Second, a global distortion “pinch” is applied. Then a non-linear spatial 

distorted sine wave image is obtained as shown in Figure 4.9(b). Then we modulate the 

distorted image in grey level space by a linear function. 

Assume that is the original sine wave image, and ),( nmf ),( nmf ′ is the spatially 

distorted image. The distorted image ),( nmf ′′ shown in Figure 4.9© is produced by the 

following equation, 

)()(),(),( nbnanmfnmf +×′=′′    (4.17) 

where and are linear functions defined as, )(na )(nb

N
nna =)( , 128)( ×=

N
nnb            (4.18) 

where , and 128 is the middle grey level of the image. Nn ,,3,2,1 L=
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We already know what the ideal DSW profile should be from the original 

synthetic image. It is a sine wave shown as in Figure 4.10(a). The DSW matching in the 

DSW profile generation algorithm should ideally correct all of the distortions in both 

spatial space and grey level space. By comparing the different DSW profile results from 

different similarity measures, we can compare the different performances of the similarity 

measures.  

Figure 4.10 illustrates different DSW profiles from the spatial distorted image. 

Figure 4.10(a) is the profile from the original synthetic image, which should be the ideal 

DSW profile.  Figure 4.10(b) is the simple average profile of image Figure 4.9(b) along 

each row. It can be seen that the simple average does not work well if the features are 

distorted.  Figure 4.10(c) and (d) shows the DSW profiles from the distorted image 

obtained by using both similarity measures. Both methods produce acceptable DSW 

profiles in which the non-linear distortions are corrected, although the correlation 

coefficient similarity DSW profile is slightly better in matching the band features.  

Figure 4.11 shows different DSW profiles from the image in Figure 4.9(c). In 

this case, the image is distorted in both spatial and grey level spaces, which makes it 

more difficult for the Euclidian distance similarity measure DSW to correct the 

distortions. The DSW profile generated by the correlation coefficient similarity measure 

is apparently better than that of the one obtained with the Euclidian similarity measure.  

In all of the tests, the computational time of the correlation coefficient similarity 

measure DSW is about 5 times longer than that of Euclidian distance similarity measure 

DSW.  
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Figure 4.9 Synthetic image and its distorted versions. (a) Synthetic sine wave image. (b) Non-
linearly spatial distorted image of the synthetic sine wave. (c) Linear modulated image in grey 
level space of the spatial distorted image. 
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Figure 4.10 Different DSW profiles of the spatial distorted image (Figure 4.9(b)). (a) Profile of 
the original synthetic sine wave image. (b) Simple average profile along each row of the spatially 
distorted image. (c) DSW profile of the spatial distorted image using correlation coefficient 
similarity measure. (d) DSW profile DSW profile of the spatial distorted image using Euclidian 
distance similarity measure. 
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Figure 4.11 different DSW profiles of the image in Figure 4.9(c). (a) Profile of the original 
synthetic sine wave image. (b) Simple average profile along each row of the image in Figure 
4.9(c). (c) DSW profile of the image in Figure 4.9(c) using correlation coefficient similarity 
measure. (d) DSW profile DSW profile of the image in Figure 4.9(c) using Euclidian distance 
similarity measure. 

4.2.3.2 DSW Profile Parameter Tests 

Because the grain size is the most important factor for the DSW profile, we mainly 

discuss the test results for different grain size parameter configurations in this section. 

Note that the DSW profiles shown in this section are all computed from weighted grey 

level image (Equation 3.8).  
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Figure 4.12 Bosomtwi Lake core sample DSW profile test results. (a) Bosomtwi core image. (b) 
DSW profile with normalized grain size=1, window length L=11, max shift . (c) DSW 
profile with normalized grain size=17.1, window length L=17, max shift 

2=Δ
5=Δ .(d) DSW profile 

with normalized grain size=27.2, window length L=21, max shift 7=Δ .(e) DSW profile with 
normalized grain size=69.7, window length L=45, max shift 19=Δ . Note that the relationships 
between the normalized grain size and L, Δ  are specified in Equations 4.15 and 4.16. 
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Figure 4.12 shows the DSW profile grain size parameter test results for the 

Bosomtwi Lake varve image. Since the grainness of the Bosomtwi varve image is fine, 

different grain size parameters don’t produce significantly different results. We can 

conclude that small grain size varve images are not sensitive to window length and 

maximum shift . In actual analysis, to reduce the computational cost, the maximum shift 

is usually used for this case. 

Δ

5=Δ

 
Figure 4.13 Soper Lake core sample DSW profile test results. (a) Soper core image. (b) DSW 
profile with normalized grain size=1, window length L=11, max shift 2=Δ . (c) DSW profile 
with normalized grain size=17.1, window length L=17, max shift 5=Δ .(d) DSW profile with 
normalized grain size=27.2, window length L=21, max shift 7=Δ . (e) DSW profile with 
normalized grain size=69.7, window length L=45, max shift 19=Δ . 
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Figure 4.13 illustrates the DSW profile grain size parameter test results for the 

Soper Lake varve image. It can be seen that the texture of Soper lake varve image is very 

coarse. The default normalized grain size parameter with window length 11 and max shift 

2 does not work well for DSW profile computation. Some varve layers are smeared or 

lost in this profile. When the normalized grain size parameter is increased, the quality of 

the DSW profile is improved significantly. Then some sub-layer peaks are blurred if we 

further increase the normalized grain size parameter (Larger L means coarser matching). 

That means there exists an optimal grain size parameter in which the quality of the DSW 

profile is optimal. Further increasing the normalized grain size parameter after it reaches 

optimal does not improve the DSW profile or computational efficiency. 

4.2.3 Algorithm Complexity 

Assume that we have two signals with length N. They divided into multiple 

matching segments by a constant window length L. The complexity of the DSW 

algorithm is  if no constraints are applied on the search space. If the legal range 

with constant maximum offset 

)( 2NO

Δ is used, the computational complexity for the DSW 

algorithm becomes .  )(NO

If we have an image with M rows and N columns, the DSW profile is computed 

by applying the DSW algorithm on each adjacent pair of sections (which conceptually 

can be regarded as rows). Each DSW algorithm iteration costs  computations 

when we limit the search region to 

)( ΔNO

Δ± (section 4.1.1). Therefore the total computational 

time complexity of the DSW profile is )( MNO Δ . If Δ  does not change, the complexity is 
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)(NMO . If the grain size is increased, Δ  is also increased proportionally. Then the 

computational complexity increases linearly. 

For the DSW algorithm, a 1-D optimal path array with length N, a 2-D cost 

matrix array with elements should be set aside during the matching procedure. 

Since the 2-D cost matrix array is a sparse matrix in which effective values only lies in 

around the diagonal, we can optimize the storage by a 

NN ×

Δ± Δ× 2N matrix. Then the 

memory complexity of DSW algorithm is )2( Δ×NO . For the DSW profile algorithm, 

the memory complexity is then )2( Δ×MNO .  

4.3 Core Image Registration 

Due to imperfect section cutting or different sediment properties in different areas 

of the same lake, the varve chronologist often must work with deformation of the 

different core images from the same site. It is often very easy for the user to identify the 

most dominant varve/laminae (called marker bands) manually. Given that information, 

we can develop an algorithm to register the different parts of multiple core images so that 

the varve/laminae positions of the core images are aligned. Three registration methods 

are implemented the VARVES software: control point based, DSW/control point based, 

and wavelet MRA (Multiple Resolution Analysis) based automatic registration. 

4.3.1 Control Point Based Image Registration 

This is the common manual image registration method based on tie point pairs. 

The user can choose the control points at each corresponding marker band pairs for two 

images by using the control point selection graphical tool of the software. Since the user 

usually is interested only in unidirectional deformation (y-direction), only 1-D 
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transformations were considered. Two kinds of image transformation options are 

implemented. One is piecewise linear transformation, where the transformation 

coefficients between two selected neighbor control points are constant. The other is cubic 

curve fitting transformation. Since a cubic polynomial uses four coefficients to be 

determined, this option is enabled automatically in VARVES program only if the number 

of control point pairs is more than 4. The cubic transformation curve is calculated to 

achieve least square error. The advantage of the first option is computational simplicity 

and its effectiveness if the number of control points is less than 4. But the transformation 

curve it produces is not smooth. Additionally, the control logic of the program is tricky 

and makes it hard to maintain the code in terms of GUI design, especially when many 

control points are designated. The cubic fit method has code simplicity but intrinsically 

has curve fitting error and more computational cost if the number of the control point 

pairs is larger, but in actual operation the number of control point pairs won’t be large. 

We usually choose the cubic curve fitting option since it appears to be effective in our 

testing. 

There are two resampling options: nearest-neighbor and bilinear [20]. Nearest-

neighbor is fast but tends to produce discontinuities in the local image features. Bilinear 

is slower (four neighbor pixels are involved when calculating a resampled pixel) but 

produces a smoother image. Fig 4.14(b) shows the control point based rubber sheeting. 

The red marker marks the defined tie point. A cubic spatial transformation curve is fitted 

to these four tie point pairs. The right side image is the reference and the left side image 

is transformed according to the fitted curve. It can be seen that the large marker bands are 
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aligned well but the sub-band features are not aligned due to the nonlinear deposit rate 

during the sediment formation. 

4.3.2 DSW/Control Points Based Image Registration 

Since there is some non-linear distortion between core samples to be aligned, 

simple tie-point pairs based rubber sheeting can not guarantee that all of the band features 

are aligned. The DSW matching algorithm has the potential to match two signals with a 

dynamic non-linear transformation function; therefore we can combine the tie point pairs 

and DSW profile matching information to align two core images. This is the DSW/ 

control point based rubber sheeting. 

The basic idea of the algorithm for auto precise alignment of the cores is to apply 

the DSW algorithm to the DSW profiles of the two cores. The manual control points are 

used to define the legal range (local path constraints). First, a piece-wise curve is fitted to 

the control points. The upper and lower limit functions of the legal range are then defined 

to be offset by maxoffset (Δ) above and below the piece-wise curve. Thus the optimal 

path stays near the piece-wise curve. In the implementation, the target is modified using 

the piece-wise fit and then the DSW algorithm is applied to the modified target profile 

and the original reference profile. Note that the two DSW profiles have to be generated 

before matching. Finally, the target image is resampled along the column only. So there 

is only one resampling operation to maintain image quality and reduce computation cost. 

Two reampling methods are implemented, bilinear and nearest neighbor. As the default 

resampling option in this implementation, bilinear is only one direction resampling, only 

two neighboring pixels are used for interpolation. To get a better visual effect of the 

matching results, we usually compare the left side of the reference core image to the left 
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side of the target image. Therefore, the DSW profiles should be generated in the opposite 

direction. For example, in Figure 4.8, the reference DSW profile is generated from right 

to left, the test DSW profile is generated from left to right. 

Fig 4.14(c) shows the image rubber sheeted by using control point and DSW 

profile matching. The sub-band fine features are aligned much better than in the control 

points based method. 
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Figure 4.14 Core image registrations. (a) Core image B2000_4N and B2000_5N. (b) Image 
rubber sheeting using control points and piece-wise transformation. (c) Image rubber sheeting by 
using control point and DSW profile matching. (d) Image rubber sheeting by using DSW and 
wavelet matching. 
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4.3.3 DSW/Wavelet Based Image Registration 

In section 4.3.1 and 4.3.2, two core image registration algorithms are described. 

Both of them need user defined tie-point to achieve decent matching results. In this 

section, an automatic varve core image registration algorithm using wavelet Multi-

Resolution Analysis (MRA) and DSW matching is introduced. Similar registration 

performance to the above two algorithms can be accomplished without designating 

control points.  

Wavelet Multi-Resolution Analysis is used in chronology analysis of shell growth 

by Toubin [28] and Diou [29]. They apply multi-scale analysis of the shell topography 

image using a B-spline wavelet transform. The non-subsampled images that correspond 

to the projection onto the space of the chosen scale of detail are reconstructed. This 

approach provides an efficient tool for analyzing multi-scale information contained in 

growth increment rings and/or within quasi-periodic features. However, the growth rate 

features are analyzed directly based on the reconstructed images. No automatic feature 

retrieval methods are used. In our algorithm, we not only conduct wavelet MRA signal 

reconstructions, but also develop an automatic feature matching method to match two 

signals by DSW algorithm for different scale reconstructed signals.   

The Wavelet Multi-Resolution Analysis application on varve image analysis 

background is stated in [3], to get a better understanding of the algorithm developed, it is 

necessary to emphasize the Wavelet Multi-Resolution Analysis here. 

In contrast to the Fourier transform that decomposes the whole signal into 

sinusoids of different frequencies, the wavelet transform decomposes the signal into 

wavelets of different scales and positions,  
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where ( )xψ  is the mother wavelet, a being the scale factor and b the translation 

parameter. Many types of mother wavelets are described in [30]. If a and b in above 

equation are replaced by the following values, 

iaa 0=  ,      (4.21) janbb 00=

where , then a discrete form of the wavelet transform is introduced. The Discrete 

Wavelet Transform (DWT) of a continuous signal  is defined as [31], 
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The choice of and  leads to the dyadic transform. It is certainly the most 

commonly used wavelet transform and the image registration method discussed in this 

section is based on it. 

20 =a 10 =b

The principle of Multi-Resolution Analysis (MRA) is based on linear operators 

allowing analysis of a signal at various scales. The most well known method is based on 

Mallat’s dyadic algorithm [32]-[34]. A signal including n components at scale j is 

split into two signals with components, the details of the signal and the 

approximations of the signal (Figure 4.15(a)). Each of these details and approximations 

are obtained by applying two filters on , 

)( j
na

2/n

)( j
na h~ and g~ . Then their sizes are suppressed 

to . The obtained approximation signal becomes the signal of the scale 2/n 1+i , 

reconstruction of the signal at the scale i  from signals at the scale 1+i can be achieved 

by an inverse procedure: upsampling by insertion of null samples in order to get signals 
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of size n, application of two filters which are conjugate versions of the former one, and 

then summation of the two obtained signals.  

In another words, In MRA, the signal is projected onto a scale function )(xϕ , 

creating an approximation signal and onto a wavelet function ( )xψ  to get back all the 

information lost during the first projection. This second projection includes all the details 

of the original signal. Finally, the scale function is a sort of low pass filter, while the 

wavelet function is a high pass filter. 

 
Figure 4.15 Wavelet Multiple Resolution Analysis (MRA) diagram. (a) Decomposition and 
reconstruction following Mallat’s algorithm. (b) Decomposition of signal in two different 
subspaces (detail space D and approximation space A) at 3 different scales. Each level of 
approximation is decomposed into two subspaces. (c) Reconstruction of a signal by combining 
the approximation and detail components together. Each component is up-sampled and filtered 
by the high pass and low pass filters. 

f
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The MRA scheme used in this section has been proposed by Mallat and Meyer 

[33]-[35] and is based on an orthonormal projection of the signal to be analyzed onto a 

series of embedded closed subspaces with . The orthogonal complement of 

 in is with , as explained above and illustrated in Figure 4.15. An 

orthogonal wavelet basis exists for these subspaces. This MRA is dyadic if 

. The are called the coefficients of the approximation 

function (approximation coefficients) and the , the wavelet coefficients (detail 

coefficients) for the scale

jV 1−⊂ jj VV

jV 1−jV jW jjj WVV ⊕=−1

1)2()( −∈⇒∈ jj VxfVxf j
na

j
nd

j . Mallat [10] has demonstrated that the projection onto each 

subspace can be performed by a simple convolution between the signal and a unique 

digital filter. Given a scaling function )(xϕ , a wavelet function filter ( )xψ  (for MRA) can 

be found so that it is orthonormal to )(xϕ [36] [37]. By only considering the bi-

orthogonality between )(xϕ and ( )xψ , both filters can be constructed [38]. 

 In our application, the different level approximations of the DSW profile are 

computed by wavelet MRA method such that the two core DSW profiles can thus be 

matched from coarse to fine. Then two core images can be registered by the optimal 

matching path function. In order to illustrate the concept of MRA of the DSW profile, a 

DSW profile will be decomposed at five different scales, each of them being 

characterized by its detail and approximation coefficients. The DSW profile is from part 

of the Bosomtwi lake core sample image B2000-4N. The mother and scaling wavelets 

used for the analysis are the “db1” which is one of the Daubechies family wavelets dbN 

with order 1 (it is the same as Haar wavelet in this order). The various approximation 

coefficients  with n=1,2,3,4,5 and detail coefficients are calculated by using the na nd
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convolution between the db1 scaling wavelet and the db1 mother wavelet respectively, as 

shown in Figure 4.16. It is apparent that the approximation coefficients, from to , 

have a more and more smoothing effect on the initial profile. For the highest level, , 

only large scale main features (or peaks) are kept, and from to , more and more detail 

features are added in until the original signal is reached. By using this property, we can 

develop a MRA matching algorithm to match DSW profiles from coarse to fine 

approximation. 

1a 5a

5a

5a 1a
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Figure 4.16 Example of DSW profile MRA. 

 

Since the higher level approximation has fewer details, it is easier to match them 

by the DSW matching procedure. Once an optimal match is accomplished in this level, 

we can use this optimal path information to modify the legal range of the next level DSW 

matching, and then a finer matching can be achieved. Iterate this procedure until the level 
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0 (original DSW profile) is reached, the final optimal match is found. This is the coarse to 

fine multi-resolution matching algorithm. It consists of the following steps: 

1. Linearly stretch or squeeze one DSW profile to make both profiles have the same 

length. Initialize the global constraint of DSW matching algorithm as type I 

constraint (shown in Figure 4.3) with maximum shiftΔ . If some tie points are 

defined, include those into the global constraint definition by down sampling 

those positions properly. 

2. Do N-level DWT transform for both DSW profiles. Get N+1 level 

approximations. Level N has the lowest resolution and level 0 is the original 

profile.  

3. For level i  between N and 0, apply the DSW matching algorithm to a pair of 

DSW profile approximations. Then upsample the produced optimal path by a 

factor of 2 using linear interpolation.  The new global constraint (legal range) is 

created by shifting of the upsampled optimal path.  This global constraint is 

passed to level DSW matching as a legal range. 

Δ±

1−i

4. If level 0 is reached, the produced optimal path is used as the transformation 

mapping function to register the two core images, otherwise, go to step 3. 
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(a) Level 4 matching result 

 
(b) Level 3 matching result 

 
 

(c) Level 2 matching result 
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(d) Level 1 matching result 

 
(e) Final (Level 0) matching result 

 
(f) Two original DSW profiles  

Figure 4.17 Multireosultion DSW matching results for two DSW profiles (B2000-2N and B2000-
4N). Four level coarse to fine matching procedure is used.  
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Figure 4.17 shows the coarse to fine matching results for different levels. Figure 4.18 

shows the global correlation coefficient evolution from highest level to final match. It can 

be seen that the correlation coefficients of different matched DSW profile approximations 

in each level increases gradually, which means the similarity of matched DSW profiles is 

improved step by step. 

 
Figure 4.18 Correlation coefficients of different matched DSW profile approximations in each 
iteration (from highest level to level 0). 

 
A complicated varve core image registration result using the MRA DSW method is 

shown in Figure 4.14(d) (with end points constraints and one more pair of tie points—

point set 1, 2, 4 in figure 4.14(a)). It can be seen that the performance of the MRA DSW 

method is superior to manual control point based method and similar to control point and 

DSW method. For control point based image registration, the user has to designate 
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several tie points, which is time consuming and prone to error. It can not ensure that the 

sub-layers match well. For MRA DSW matching algorithm, we don’t have to define tie 

points. Due to the nature of DSW nonlinear matching and coarse to fine multiple scale 

approximation, it can produce significantly better results with less user intervention.  

4.3.4 Algorithm Computational Complexity Analysis 

The computational cost of MRA/DSW core image registration is more expensive 

than both control point based and DSW/control point based methods. All algorithms have 

image transformations according to the transformation function, which cost constant time 

for all three methods for one specific image pair. For comparison purpose, it is ignored in 

algorithm complexity discussion. For control point based method, In addition to image 

transformation, the piecewise linear transformation computation or cubic curve fitting is 

needed. Since the number of control point pairs is usually small (from 2 to 10), the 

computational load for this method is every low. For DSW/control point based methods, 

extra DSW matching algorithm has to be done, but only one iteration is needed. Other 

than DSW profile generation discussed in section 4.2.4, it only depends on the height of 

the image. Therefore, its computational cost is about of the DSW profile generation 

algorithm, where M is width of the image. In contrast to DSW/control point based 

method, MRA/DSW algorithm has to do a wavelet transformation, multiple DSW profile 

reconstructions, and multiple DSW matching. Let’s assume we have N pixel height 

images and use L  level wavelet MRA.  Then we need a 

M/1

NL×   wavelet transformation 

and  level reconstructions where each iteration reconstructs a ) 

pixel DSW profile approximations. L  level DSW matching is also needed on the 

L iN 2/ ( Li L,3,2,1=
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iN 2/ ( Li L,3,2,1= ) pixel DSW profile approximations. So the total additional 

computational cost for MRA/DSW method is. 

( )NLNLLNLNLNLN L
L

i

i
L

i

i )2(

11

222/2/2 +−

==

−+=⎟
⎠

⎞
⎜
⎝

⎛
++ ∑∑    (4.23) 

Therefore, the extra computational cost incurred by MRA/DSW algorithm is . That 

means if a large is used, the computational cost for this method will be much higher 

than the other two methods. In our varve image registration test, 

)(NLO

L

6=L  is usually good 

enough for a image with height of 6000 pixels. 

4.4 Varve Identification 

The varve laminae are usually identified manually by the researcher. It is tedious 

work and takes a lot of time to mark varves in one core. Since we already have the DSW 

profile, it is possible to identify most of the varves in a core image automatically and give 

a quantitative measure of the strength of each varve. In VARVES software, two varve 

identification algorithms are implemented. The first is the double thresholding method, 

and the second is the wavelet method. 

4.4.1 Double Thresholding Varve Identification 

There are two thresholds in this algorithm, a lower threshold and a upper 

threshold . The lower threshold is used to filter out the noise peaks and the upper 

threshold is used to control the number of the varves identified. The algorithm consists of 

three steps. 

LT

UT

1. Detect alternate local maxima and local minima 
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Find all local maxima and minima in the DSW profile. Since they don’t 

necessarily alternate, we have to eliminate adjacent minimum-minimum or 

maximum-maximum points and make the minima and maxima appear alternately. 

Figure 4.19 shows example remaining alternate minimum-maximum pairs. The 

circles indicate the local maxima; the squares indicate the local minima. The 

peaks are candidate varves to be identified. 

2. Eliminate noisy or weak peaks 

After the first step, we can ensure that there are two local minimum neighbors 

(valleys) for one local maximum (peak). Therefore the relative heights of both 

sides ( , ) can be calculated as shown in Figure 4.19. Since the height of 

either side of noisy/weak peaks is usually relatively low, we can filter them out by 

the lower threshold . For example, if

Rh Lh

LT LLR ThhMin <),( , this peak is eliminated 

from the candidate varve list. For each peak kept in the candidate list, a varve 

confidence measure is calculated by averaging  and . Rh Lh

3. Find the varves and their confidence measure 

The varves can be identified by thresholding the confidence measure for each 

candidate peak by the upper threshold . The confidence measure of each varve 

is quantized into three levels for display purpose in VARVES software: high, 

medium, and low. High confidence is shown by red color, medium is shown by 

green, and low is shown by blue. Confidence measure is determined by the 

following equation: 

UT

⎪⎩

⎪
⎨
⎧

=
2/),(

0

LR hh
p       (4.24) 

elsewhere

ThhMin LLR <),(
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The varve identification is a trial and error procedure. No algorithm can ensure 

100 percent correct identification. The best result that can be achieved is a good 

approximation to the result produced by carefully manual identification. We design a 

sensitivity parameter to control the number of varves the user intends to detect. The 

sensitivity parameter controls the low threshold and upper threshold and thus controls the 

number of varves identified. The user can try different sensitivity values until an optimal 

one is formed. If there still are some missed or wrong identifications, the user can remove 

the wrong ones and add the missed ones by using user intervention tools. Note that the 

goal of this software is to assist the user to analyze the varve image in an efficient way, 

not to automate the whole analysis procedure.  

 

Figure 4.19 Double thresholding varve identification. 
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4.4.2 Wavelet Transform-threshold Varve Identification 

The double thresholding method has the advantage of computational simplicity, 

however, it can not adapt to different scales of varve bands. If there is a large scale band 

with low contrast, it may produce a missed identification. Wavelets have the unique 

ability to examine spatial scale changes in the varve bands, therefore a combined wavelet 

transform and thresholding method was designed. 

Figure 4.20 shows the algorithm flow. First, the DSW profile is smoothed by 

Gaussian kernel. Then a wavelet transform is applied to this profile, and the dominant 

scale is determined at each point. The local dominant scale is determined by the 

following equations, 

∫
+

−××
=

asx

asxa dbbaw
as

xg 2),(
2

1)(     (4.25) 

))}(max()(:{)( xgxgaxa aad ==    (4.26) 

where s is the support of wavelet )(xψ ,  is the wavelet transform of  the DSW 

profile,  is the average energy of different scale wavelet transformation for the 

same position, and  is the dominant scale for every position. 

),( baw

)(xga

)(xad

A local maximum and minimum are then detected in this dominant scale range 

according to the following equations, 

 )]}(),([)),(max()(:{max xaxxaxxxfxfxx dd +−∈∀==   (4.27) 

)]}(),([)),(min()(:{min xaxxaxxxfxfxx dd +−∈∀==   (4.28) 

The confidence measure for each local maximum is calculated by averaging the left and 

right peak heights. Finally a varve is identified by thresholding the confidence measure. 
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DSW profile

Smoothing

Wavelet transformation

Dominant scale detection

Local maxima detection
in this dominant scale range

Calculate confidence and thresholding  
Figure 4.20 Wavelet-thresholding varve identification diagram. 

Although we developed two automatic varve identification algorithms (discussed 

above), all varve identifications must be confirmed by the user. Figure 4.21 illustrates the 

semi-automated varve identification procedure. First of all, we apply auto varve ID 

algorithms on a DSW profile. If the result is not satisfactory, after the manual 

confirmation, we can either adjust the varve auto ID algorithm parameters or regenerate 

the DSW profile. After several iterations, we can decide if the result is acceptable. If so, 

we can produce this result as the final varve ID result, otherwise, there must be some 

missed and wrong identifications that can be corrected by the adjustments of parameters. 

Then we can go to the manual refinement procedure in which the wrong identifications 

are removed, the missed identifications are added, and the mis-aligned identifications are 

repositioned. Then the final varve ID result can be output for further analysis.  
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Figure 4.21 Semi-automated varve identification flowchart. 

 

Figure 4.22 shows the varve identification result obtained by the wavelet-thresholding 

method and manual adjustment. 

 
Figure 4.22 Varve identification results. 

4.5 Varve Laminae Boundary Identification 

As shown in Figure 1.1, there are widely varying varve types. The texture varies 

from site to site. Due to imperfect sampling, sometimes there are gaps or holes in the core 

image, which means that the ordinary gradient based boundary detection algorithms 
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rarely work for producing single pixel wide continuous boundaries. Since the DSW 

profile is robust to irregular shapes and varying textures of varve bands while keeping the 

information of the nonlinear transformation between adjacent rows during the DSW 

profile generation, it is possible to develop a back project algorithm to track the varve 

boundary from the last varve position identified (Section 4.4) in the DSW profile. From 

Figure 4.19, it can be seen that the varves identified are located at the peaks (circles) in 

the DSW profile. For each varve, we can track these peaks, section by section, from the 

left of the image to the right. This is defined as the center of the varve. Once the center 

line is determined, some image segmentation/thresholding methods can be used to get the 

boundaries of both sides of the varve. 

4.5.1 Center Line Tracking 

Since the DSW profile is aligned with the last section (or column, in one case) of 

the image, the identified varves in the profile will be aligned with the varve position in 

the last section. Tracing a peak (varve) backward through the image using the optimal 

transformation path between two adjacent sections until the first section is reached 

detects the complete center line for a varve.  

The algorithm for tracking one peak from section  to section is given below.  i 1−i

ic  varves(i)=  (current peak position) 

)(),( 21 ii cceilccfloorc ==  

),1(),,1( 2211 citransformccitransformc −=′−=′  

22111 )()( ccccccc iii ′×−+′×−=− (Interpolation) 

1  1)-varves(i −= ic (update) 
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This procedure has to be iterated from the last section to the first section to track the 

complete center line. It is assumed that there is an array of varves we identified from the 

DSW profile. varves(i)=c means that there is a peak at the position c in the initial 

sections (last column, left). In every iteration from section i  to section , varves(i-1) 

is updated. Note that c is decimal, not an integer because of the updating from the optimal 

transformation path between adjacent sections. The updated varves(i-1) is calculated by 

rounding the interpolation between two current adjacent integer values around the current 

varves(i). Example tracked center lines are shown in Figure 4.23. 

1−i

4.5.2 Boundary Tracking by Simple Thresholding 

Once the center line is tracked, a pair of boundaries can be found. The simplest 

method is thresholding. Calculate the center line moving average grey-level value for 

each center line pixel first. As shown in Figure 4.23, Then each pixel above the center 

line is checked until the difference between the current pixel grey-level value and the 

moving average grey-level value is larger than a threshold. The last pixel is marked as an 

upper boundary pixel. The complete upper boundary for this varve is found after 

scanning the center line. The lower boundary can be determined in the same manner. The 

advantage of this method is its simplicity and low computation cost. However it generally 

does not produce smooth and continuous boundaries. Additionally, a global threshold can 

not accommodate the image contrast variation across the whole image.  
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Figure 4.23 Varve boundary identification diagram. 

Figure 4.24(a) shows the example boundary and center line identification using 

global thresholding.  
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       (a)               (b) 
Figure 4.24 Boundary tracking using two methods in part of Bosontwi image. (a) Boundary 
tracking using simple thresholding method. (b) Boundary tracking using localized optimal 
segmentation method. 

   



 123

4.5.3 Boundary Tracking by Localized Optimal Segmentation 

In order to improve the fidelity of the boundary identification and overcome 

wrong identifications resulting from contrast variation across the whole image, a block 

based local optimal image segmentation method was developed. The image is partitioned 

into overlapping blocks centered at the center line position. An optimal segmentation 

threshold is determined for each block based on the Kittler algorithm [39]. This method is 

based on approximation of the histogram of an image using a weighted sum of two 

normal distributions. The threshold is set as the closest grey-level corresponding to the 

minimum probability between the maxima of two normal distributions, which results in 

optimal segmentation (the smallest number of pixels is mis-segemented) [40].  

1h

2h

 
Figure 4.25 Gaussian bimodal histogram. 

 

In Kittler algorithm, it is assumed that the histogram of the image can be modeled 

as the sum of two Gaussians (Figure 4.25): 
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1q , give us the relative strength of the two Gaussians. Let the observed probability 

distribution be , 

2q

)(ip

pixelsoftotal
ihip

___#
)()( =      (4.30) 

Where  is the histogram and)(ih 1)( =∑ ip . We can assume that t is the optimal 

threshold value. Since we assume well-separated models in , the model can be 

regarded (approximated) as two truncated Gaussians: 
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Then the parameters in Gaussians that depends on t can be determined as: 
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To minimize the Bayesian classification error, a Kullback information distance is defined 

by Kittler [5], 
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The optimal threshold can be found such that  is minimized.  )(tJ

Since term 1 in the above equation does not vary with t, we only care about the 

second term. Then a new function to be minimized consisting of only term 2 is defined as, 
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 Here , ,1q 2q 1σ , 2σ  all depend on t, then if we find a t to make  minimal, it 

should be the optimal threshold. We assume two well-separated truncated Gaussians, 

which is not always true for an actual image. Therefore, the estimates of parameters in 

the Gaussians are biased. For instance, 

)(tH

1μ  is biased too small and 2μ is biased too large. 

Cho proposed some correction terms to improve the Kittler algorithm in [41]. Both 

algorithms can handle well-separated bimodal images. In our application, as shown in 

Figure 4.25, we partition the varve image by blocks whose centers are the center line of 

each varve. To ensure the smoothness of the boundaries identified, the partition boxes are 

overlapped. We can expect that the image histogram in each block is well-separated 

bimodal. The Kittler algorithm would work for most of the cases. However, the varve 

layer width (thickness) and contrast vary across the image. Some of the blocks may not 

present a well-behaved bimodal histogram. For this case, both Kittler and Cho’s 

improvement do not work. Therefore, our boundary identification algorithm has a 

feedback loop. We apply the Kittler algorithm for each block first, and concurrently 

maintain a cumulative mean of the optimal thresholds. If the optimal threshold of this 
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block deviates too much from the cumulative mean of the optimal thresholds or the 

distance between )(1 tμ  and )(2 tμ  for this threshold is too close. The optimal threshold for 

this block is replaced by the cumulative mean of the optimal thresholds. If this block is 

regarded as a well-behaved bimodal block, The optimal threshold from Kittler algorithm 

is counted into the cumulative mean of the optimal thresholds. The algorithm consists of 

the following steps: 

1. Get the center line of a varve layer by Center Line Tracking algorithm in section 

4.5.1. 

2. Partition each varve layer image by overlapping rectangle boxes whose centers 

are located in the center line (illustrated in Figure 4.25). Initialize the cumulative 

mean of the optimal thresholds as the mean of the first partition image. cumT

3. For partition , the histogram and probability distribution and  are 

calculated. For each t  from 0 to 255, compute ,  is the  such that 

is minimal. If 

m )(ih )(ip

)(tH optimalt t

)(tH ω>− cumoptimal Tt  or εμμ <− )()( 21 optimaloptimal tt , the 

 is replaced by . Otherwise, update the  by taking into account 

.  

optimalt cumT cumT

optimalt

4. Then each pixel above the center line in this partition m is checked until it is 

smaller than . This pixel is marked as the upper boundary pixel. If the two 

adjacent boundary points identified are not 8-connected neighbors, they should be 

connected by straight line together to guarantee the boundary continuity. The 

lower boundary can be located in the same manner. 

optimalt

5. Go to step 2 until all partitions and all varve layers are finished. 
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Figure 4.26 Varve boundary identification partitioning. 

Figure 4.26 illustrates the histograms of two typical partition blocks from the 

varve image shown in Figure 4.24. The optimal thresholds are computed by our 

algorithm. Then the segmentation images using the optimal thresholds are obtained. The 

boundary is identified to be the first pixel that changes its class from the center line.  

optimalt optimalt

 
Figure 4.27 Varve partition image blocks, histograms and optimal thresholds. 

The boundary produced by this method is shown in Fig 4.27(b). Apparently the 

smoothness, continuity and fidelity are improved significantly by this method compared 

to simple thresholding. 
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CHAPTER 5 VARVE IMAGE MEASUREMENT 

5.1 Thickness Measurement 

5.1.1 Simple Thickness Measurement 

Once the boundaries are determined, it is straightforward to measure the thickness 

of a varve. Figure 5.1 shows a single varve enlarged from Figure 4.23. Upper and lower 

boundaries define the varve material region. Therefore it is possible to get a thickness 

measure for each column. The total mass of the material enclosed by the boundaries can 

be calculated by adding the thickness measures. Actually, several thickness measurement 

quantities can then be defined. Average thickness can defined as the average of the 

thickness measures indicated in Figure 5.1(a). The median thickness may be more 

reliable to represent the varve sediment rate when the varve is disturbed by some small 

rocks, holes, or cracks. The VARVES software also gives the standard deviation, the 

number of measured columns, and the length of both boundaries. The length of the 

boundary can be measured as illustrated in Figure 5.2. The length of a boundary is 

measured by the sum of the length between two adjacent points of the boundary 

(Equation 5.1). 
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where iθ  is direction of the boundary segment between two adjacent boundary points and 

N is the number of boundary points in a boundary. For example, the boundary shown in 

figure 5.2 has length of 8995.12327 =+ . 
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Figure 5.1 Single varve boundaries and thickness measurement. (a) A varve image and thickness 
measurement sample from Fig 4.13(b). (b) A perpendicular direction thickness measurement 
diagram for approximately parallel vave. 

 
Figure 5.2 Varve boundary length measurement diagram. 
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5.1.2 Perpendicular Direction Thickness Measurement 

Some sediment images present approximately parallel varve band features, that 

may not, however, be straight or aligned with the image scan (Figure 4.7 and Figure 

1.1(b)) direction. It is more desirable to measure the thickness for these cases in a 

different way. Figure 5.1(b) shows a varve diagram for this case where two boundaries 

are approximately parallel and not oriented strictly horizontal. If the thickness is 

measured in the vertical direction, it may not represent the real varve sediment deposition 

rate. A perpendicular distance thickness measurement method is designed to handle this 

case. This method is used in tree ring average width measurement in [42]. Since the 

boundary gradient directions are very sensitive to small dips and bumps, some gradient 

directions at the boundary pixels may deviate considerably from the orthogonal direction 

of varve boundaries. This method models the varve boundaries as piecewise linear to 

determine the normal width direction [16] [17]. The fitted piecewise lines are just used to 

determine the normal width direction, not to replace the current ring boundaries. Then 

every orthogonal width can be tracked for a given ring, since the algorithm can ensure 

that the width measured is perpendicular to the starting ring boundary. The average of the 

width lines is the estimated width.  

A least squares fit algorithm is used to approximate the orientation of varve 

boundaries. To determine the orthogonal to the varve boundary at each pixel, a segment 

length of N pixels, centered at the point of interest, is used. If the co-ordinates of 

the pixels in the data set are known, the center of the set is at: 
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As described by Jain in [43], the angle of orientation of the edge points that 

minimizes the sum of squared errors for the points in the segment can be computed as: 
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The parameter a, b, and c are determined by: 
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The orthogonal angle then can be obtained by adding or subtracting from the tangent 

angle,

o90

θ . 

Then we can calculate the average direction for each point of each boundary. The 

segment length is defined as 21_ =LENGSEG . The algorithm to compute the average 

direction of each point is: 

1. Set the first boundary as the current boundary. 

2. Check the number of pixels of current boundary, if it less than , go 

to step 3. Calculate the average direction for each boundary point by equation 

5.1—5.3. The average direction of the first  and the last 

 boundary points are not computed. Then go to the next step. 

LENGSEG _

2/_ LENGSEG

2/_ LENGSEG

3. Check the next boundary. If it does exist, set it as current boundary and go to 

step 2. Otherwise go to the next step. 

4. Algorithm is finished, return. 

Since we get the average direction of each boundary point, we can compute the 

thickness of the varve along very boundary point. 
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First of all, every orthogonal thickness should be tracked for given boundaries. 

The method is to travel along the normal direction (orthogonal width direction) of this 

boundary point from this point to the next boundary. This tracking line is the orthogonal 

width line. The Euclidian distance of this line is an orthogonal thickness. Then we can get 

all of these orthogonal thicknesses and average them.  

 Obviously, there are some oblique thickness lines where the average direction of 

the left start boundary point is not consistent with the average direction of the right end 

point. Recall the definition of the orthogonal thickness, an ideal thickness should be 

perpendicular with both left start boundary and right end boundary. The algorithm can 

ensure the thickness line measured to be perpendicular with the start boundary. Note that 

the average direction of end point should be consistent with the average direction of the 

start point. An error check method was implemented to ensure the consistency [16]. If the 

average angles of both points satisfy the following equation, it is consistent, and this 

width is retained. Otherwise discard it. 

 ToleranceyConsistencpoenddiravgpostartdiravg _|int)_(_int)_(_| ≤−   (5.6)  

In Fig 5.1(b), it can be seen that many directional thickness measures are 

calculated along the perpendicular direction to both local boundaries. These 

perpendicular direction thickness measures are independent of the image orientation and 

curvature of the boundaries. The mean, median, standard deviation etc. can be calculated 

as before. 
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Figure 5.3 Varve thickness measure example. (a) hand-drawn varve boundary from a varve 
image by using Adobe Illustrator for illustration purpose. (b) Varve perpendicular thickness 
measurement line Note that only 1/10 of the width measurement lines are shown. (c) Varve 
thickness measurement data using perpendicular direction and simple average (section 5.1.1). (d) 
Standard deviations of both thickness measurement method. 
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Figure 5.3 illustrates a hand-drawn varve boundary sample made from a varve 

thin section image using Adobe Illustrator tools. The thickness of the perpendicular 

direction and simple column/row wise average are plot in Figure 5.2(c). There is some 

difference in the first two varve layers because of their orientations. For these cases, 

apparently, the perpendicular method would give more reliable results. 

Since the boundary lengths vary due to sediment deformation, this variation could 

affect the thickness of a varve annual layer. Therefore, as we get the thickness and the 

boundaries, we can normalize the thickness by the length of each boundary to remove the 

length variation of a varve layer. Figure 5.3 shows the average boundary lengths and the 

thickness series normalized by each length. 

 

Figure 5.3 Average boundary lengths and the thickness series normalized by each length. 
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CHAPTER 6 SUMMARY AND CONCLUSIONS 

6.1 Summary 

Varve analysis has many applications in fields ranging from archaeology to 

paleoclimatology. Unfortunately, a large percentage of the research time of experienced 

varve researchers is spent manually analyzing each varve thin section sample. Since the 

varve samples are usually disturbed by rocks, holes, gaps, and imperfect sampling, the 

manual varve analysis is prone to error. This dissertation describes a system that 

implements image processing and computer vision techniques to increase the  efficiency 

and accuracy of varve analysis. 

The VARVES is a computer-assisted sediment image analysis software system 

hosted in a PowerMac G5 machine with dual 1.8GHz PowerPC G5, X11 system of Mac 

OS X. It can also run on other BSD (like UNIX/LINUX) compatible platform. VARVES 

allows the user to do image calibration, enhancement, sediment core matching, boundary 

identification, varve measurement, varve characterization, and chronology record 

construction. The program also provides some tools to do data management and tracking. 

In doing so, VARVES allows many more cores to be analyzed per unit time, and thus 

permits several important advances in the application of varved sediments. First, 

VARVES facilitates the analysis of many cores per site, e.g. from a lake or marine basin, 

and the cross-dating between these cores. Cross-dating and averaging among many cores 

will yield much improved age estimates, as well as lower measurement errors. Second, 

VARVES allows the entire widths of each varve in a given core to be analyzed, rather 

than only selected transects, which is a large improvement over older image analysis 
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program.  

Since it is pure software system which is independent of any image acquisition 

hardware, there are no assumptions of the specifications for the image acquisition system. 

Any form of images can be imported and analyzed by this software if they are coded by 

some general image formats such as JPEG, TIFF, BMP, PNG, EPS etc or raw data. 

Chapter 3 and 4 describes the image processing and analysis techniques used in 

varve image analysis. Color and spatial calibrations are capable of removing the image 

distortions from acquisition procedure. Image enhancement improves the visual effects 

when manual analysis is conducted. To analyze and measure the varve annual layer 

characteristics, DSW based algorithms are introduced. DSW algorithm provides a method 

to match two signals nonlinearly. DSW profile is generated by applying DSW algorithm 

on every two adjacent rows (or columns) of the image, which leads to an intelligent 

average profile along the varve layers. Since the DSW profiles reflect the layer features 

in varve images, two varve core images can be registered using their DSW profile 

matching. However, direct matching between two DSW profiles using DSW matching 

algorithm lacks capability to register sub-band layers. This problem can be solved by 

adding some control point pairs. A superior method is to use wavelet MRA, which can 

achieve the similar image registration performance with less or no control point pairs. For 

the varve identification, double thresholding and wavelet methods are introduced. 

Confidence measure for each identified varve is measured according to the peak strength.  

Varve boundary identification algorithm consists of two steps. First, the center 

line of each identified varve is tracked by back projection of varve identification position 

according to DSW profile shift array. Then two methods are introduced to track the upper 
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and lower boundaries, thresholding and localized optimal segmentation. Thresholding 

method is simple but can not adapt to the contrast variations across a varve. Localized 

optimal segmentation method identifies the boundary points by adopting different 

thresholds for different boundary location. Overlapped block partitioning is also used to 

ensure the smoothness of the boundary identified.  

After the identifications of varves and boundaries, the average thickness of each 

varve in this sample is computed. A length normalized average thickness and the 

statistics of thickness measurements allow the internal characteristics of individual varve 

to be analyzed. This information can be used to cross-date one varve core sample to 

another. 

All of the data analyzed and the varve images composed can be exported to an 

project data structure and save to the disk for further chronology building and other 

analysis.  

6.2 Conclusions 

This dissertation presents image processing and computer vision approaches which have 

proven successful at accurately analyzing typical varve samples in a semi-automated 

manner. The research described here indicates that image analysis is capable of 

increasing the efficiency of varve analysis research. By allowing an analyst to 

concentrate on other research work while the VARVES software analyzes a sample, 

much of the tedious varve analysis work is reduced, and potentially increasing the 

productivity. Additionally, by using new computer vision techniques, VARVES system is 

able to do some varve analysis which was impossible handled manually.   
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 The varve image registration and other image analysis functionalities has 

primarily been verified via visual analysis. By comparing with the analysis of 

experienced varve researchers, such as the varve identifications, varve registrations, etc. 

it has been verified that the VARVES software produces acceptable results much faster. 

Assuming that the varve boundaries have been correctly identified by the system or 

manually marked by the user, the varve thickness measurement technique described in 

this dissertation is superior to manual measurements due to the fact that the system’s 

measurements are produced by averaging the all varve thickness across the entire varve 

layers. This technique is less sensitive to noise than the manual measurement approach in 

which the thickness is measured only by a single or at most several scan lines. 

 The system has to-date been tested on many relatively typical samples from 

tropical lake sediments (Bosomtwi Lake), glacial sediments (Soper Lake), polar 

sediments (Linne), and seabed sediments acquired by different methods and from 

different labs. The results of these tests were similar to the examples shown in chapter 3-

5, as long as the appropriate parameters are set. The VARVES software has been 

demonstrated in the VARVES workshop for the major varve researchers across the 

country and got very positive feedback. The degree of user intervention depends on the 

texture, contrast and grainness of the sample. A version of the VARVES system is 

currently being prepared for use by members of varve research community who are not 

familiar with the details of the operation of the system.     

6.3 Recommendations for Future Work 

While the results presented in this dissertation are very promising, much work remains to 

be done in order to increase the efficiency, reliability, and extensibility of the VARVES 
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system. In order to make VARVES more robust across diverse varve samples, the 

boundary identification could be more intelligent. Also, to handle the case when 

automated varve boundary identification fails, computer-assisted manual boundary 

tracking functionality should be developed. To handle the gaps between thin section 

images when generating DSW profile and doing core registration, more sophisticated 

algorithms should be designed.  We also need to refine current implementation by 

incorporating whole SADIE library into the program and providing more extensibility for 

future. From the standpoint of software engineering, the portability and organization of 

the VARVES software can be improved such that it can run both BSD compatible and 

Windows platforms. Finally, to increase the usability and flexibility of analysis data 

VARVES produced, a relational Database module should be incorporated. 

6.3.1 Development of More Robust Boundary Identification Algorithms 

The VARVES boundary identification has to-date been tested primarily on relatively 

well-behaved lake sediments such as Bosomtwi Lake samples. More complex varve 

textures and patterns such as those of frozen glacial sediments, as well as rock 

disturbance, cracks and other troublesome varve features, will test the robustness of the 

present design and will likely motivate improvements. Several particularly difficult 

samples are illustrated in Figure 6.1. For these samples, the center lines may be wrongly 

tracked, let alone the boundary tracking based on correctly tracked center lines. In the 

future, the more intelligent varve boundary identification algorithms should be developed 

to supplement the routines that are already in place in the system. Current center line 

algorithms only make use of shift arrays from the DSW profile generation. Future 

algorithm may combine the gradient information of the image and the DSW shift array to 

   



 140

track a more reliable center lines and boundaries. An grainness parameter can also be 

introduced to make the boundary identification tunable for different types of varve 

samples.   

 
Figure 6.1 Examples of difficult varve samples. (a) Sample with large curvatures (from Lake 
Linne). (b) Sample with wholes (from Cariaco Lake). (c) Sample with low contrast (from Green 
Lake). (d) Sample with large cracks (from Soper Lake). 
  

 In keeping with the design philosophy of the VARVES system, it is more 

productive to allow the varve analyst to manually handle these unusual situations. The 

user should be able to manually track the center lines and boundaries, connect the varve 

fragments across cracks, holes or gaps, add missed or delete wrong boundary 

identifications. Gimp implements a manual intelligent scissor tool to generate an optimal 

path between designated points [21]. The optimal path can follow the boundary of a 
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varve such that the sum of the gradient magnitude of the points in the path reaches 

maxima. After our tests, it performs well for low contrast boundaries with designating 

several key points in the boundary by user. In doing so, the varve boundaries can be 

tracked with minimal user work. In the future, this algorithm can be modified to adapt the 

varve boundary identification situation, and incorporated into the VARVES system. 

6.3.2 Gap Handling 

The DSW algorithm can handle the samples with small gaps, holes and cracks, while it 

fails to follow the varve layer features when gaps are large enough. Two types of gaps are 

presented in varve images, one is the gap incurred by thin section merging, and the other 

is from the inside of each thin section samples. In order to handle the gaps successfully, 

two functionalities need to be developed. The first is varve gap detection. This can be 

achieved either by user input or automated varve detection based on the varve texture and 

contrast changes. The second is varve gap processing. For example, we can fill the color 

of a gap with the average color of the closest varve layer, or ignore the gap and connect 

the start points and end points together. All of these need more sophisticated algorithm 

and many tests, because the size and shape of gaps vary much for different samples.  

6.3.3 Integrating of SADIE Library 

Many routines of SADIE library is used in VARVES system. For the purpose of fast 

prototyping, we integrate the related source code directly into the software. This messes 

the structure of the system and also reduce the usability of the other routines provided in 

SADIE. For future, we should decouple these routines and VARVES system to give neat 

organization and extensibility.  
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6.3.4 Software Portability and Memory Consumption 

VARVES software is an application running on BSD compatible platforms, such as 

Linux, Unix, Max OS X with X11. Considering the vast use of Windows system, it may 

be better to provide a Windows version. The fundamental library the VARVES system 

based on are GTK and Gimp, which are already available in Windows. SADIE also has 

Windows version. From the standpoint of programming language, VARVES uses C/C++ 

language which has been proven to be an excellently portable language. Even though, the 

compiler minor difference between Windows and BSD compatible system may result in 

problems during the program porting. So, there is lots of work to be done before a 

reliable Windows version application is born. Additionally, memory consumption in 

current VARVES system is large especially when we load many high resolution images. 

Although the tiling technology is used to optimize the memory consumption, it is not 

enough for responsive large image manipulations. For future, more optimizations such as 

pyramid structure image display, more efficient image rendering should be developed to 

accelerate the image processing procedure. 

6.3.5 Relational Database Module 

In VARVES software, the analysis and measurement data is exported into the disk in the 

form of directory structures and files. Although the user can import the data by some 

third party data processing software like Excel, it is difficult to cross referencing them 

automatically. Apparently, this is not the optimal solution for the user use. A relational 

Database should be built once the image analysis and measurement are finished. By 

accessing the Database, user can retrieve any information associated with a particular 

varve sample conveniently. The data modified by the user or program also can be 
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synchronized automatically. By using Database, the data mining and management 

becomes much easier. There are many available relational Database tools currently. To 

save the budget of the user who wants to use VARVES, we may choose MySQL system 

which is the most popular Open Source SQL database management system now [44]. 

MySQL provides APIs for C language. So we can produce our own relational Database 

by using these tools. The produced Database can be accessed by VARVES and many 

other third party open source software. However, we have to design the structure of our 

own Database and write exporting and importing procedures, which costs lots of time. 
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