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Abstract 

Reservoir characterization is defined as the process of modeling a reservoir and 

fully understanding aspects that impact its ability to store and produce hydrocarbons. To 

model a reservoir you must first know the distribution of the porosity and permeability of 

the rock. Due to the heterogeneous nature of carbonates this can be very difficult. The 

way to understand the controls on porosity and permeability is through lithofacies 

analysis and understanding the effects of digenesis on the reservoir. Lithofacies analysis 

can be completed through core descriptions, however cores are not widely available and 

are costly to acquire and describe. Wireline logs can be used for lithofacies analysis, and 

although logs are often abundant in mature fields, the interpretations can be non-unique, 

vague and/or inaccurate. Image logs can be a useful tool to improve the accuracy of 

wireline log interpretations. The main goal of this thesis is to use FMI (Full-bore 

Formation Microimager) logs to interpret carbonate lithofacies of the Lower Permian 

Paddock Member of the Yeso Formation in the Loco Hills region of New Mexico. FMI 

logs are a Schlumberger image log that obtains and processes microresistivity values to 

form an image.  Common rock types found in the Paddock are anhydrites, siltstones and 

dolostone, with Dunham textures ranging from grainstones to wackestones. These 

lithofacies represent a range of EODs (Environment of Deposition) in the Paddock 

member in the Loco Hills region, including supratidal islands, subtidal and tidal flats.  To 

do lithofacies analysis, core descriptions were used to compare and identify lithologies in 

the FMI logs for the test well. Textural analysis was completed on FMI logs, in order to 

identify lithofacies. Textural analysis is the process of examining a target pixel and 
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determining its intensity and similarity or continuity of intensity to the surrounding 

pixels. To complete textural analysis the MATLAB image toolbox was used to identify 

the area and roundness of the grains in each rock type. These methods were then used to 

develop and procedure that can be used to identify rock types. Once the textural analysis 

is complete and the lithofacies determined by the procedure developed, sequence 

stratigraphy was used to check the accuracy of the inferred lithofacies picks. The 

procedure developed has 82% accuracy.  The lithologies that were not correctly identified 

usually did not affect the sequence stratigraphy. The lithologies most commonly miss 

identified were peloidal packstones, wackestone and packestones. Only in one occasion 

did the incorrect pick affect the sequence stratigraphy. Although the test was a success in 

the well with core, it was not possible to use the same parameters for the surrounding 

wells. This was due to the varying permeability and porosity of the Paddock member 

carbonates, the procedure was not successful in the surrounding wells.  
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Chapter I 

Introduction 

Reservoir characterization is the process of modeling a reservoir and trying to 

understand the lithofacies, porosity and permeability of the reservoir and how they 

impact the reservoirs ability to store and produce hydrocarbons (Fowler 1999). To 

prepare reservoirs for modeling, we must first know the range and distribution of rock 

properties (porosity and permeability), that play an essential role in controlling 

hydrocarbon storage and deliverability (Holterhoff 2011). The way to understand the 

controls on porosity and permeability is through lithofacies analysis. Lithofacies are the 

distinctive rock types of the gross reservoir interval that are the product of depositional 

facies and digenesis (Holterhoff 2011). Since the geometries of depositional lithofacies 

can be understood through modern and ancient outcrop analogs, the key rock properties 

of interest can be mapped between well controls in a meaningful way. Unfortunately, 

direct assessment of lithofacies through coring and core description is costly, time 

consuming and is generally very limited within a given field (Holterhoff 2011). Although 

indirect assessment of lithofacies is usually accomplished through wireline logs, due to 

the availability of much greater data density, but these interpretations can be ambiguous 

or inaccurate. Thus any additional wireline log information that can be leveraged to 

constrain lithofacies identification for reservoir characterization needs to be pursued. FMI 

logs can provide this critical additional information for lithofacies analysis (Xu et al. 

2009). The main goal of this thesis is to use FMI images in conjunction with cores to 

1



Texas Tech University, Lauren Crystal Pate, August 2012 

 

interpret carbonate lithofacies of the Lower Permian Yeso Formation in the Loco Hills 

region of New Mexico. Emphasis will be placed on developing a process that reduces 

cycle time for classification by automating the FMI.  

 

There have been studies were a process has been developed using FMI logs to 

determine lithofacies. Most case the data that is being used are volcanic or silistclastic 

rocks. The most complex rock types to develop automated lithofacies picks from FMIs 

are carbonates. This is due to heterogeneity of the porosity. If the rock is tight (little to no 

porosity) then the mud cannot penetrated into the formation, giving poor readings on the 

FMI. The porosity in carbonates varies from well to well which causes the FMI’s to be 

slightly different. This can cause problems when trying to transfer the procedure to 

surrounding wells. Basu et al. developed neural network (a self learning program) that 

can pick Dunhman classifications by using petrophysical logs as well as FMIs. They used 

8 cores to calibrate there neural network to pick out the Dunhman textures. The program 

classifies conductive and resistive isolated zones and the proportions are plotted to 

determine lithology (Basu et al. 2002). Schlumberger has a program called spot 

(Secondary Porosity Typing) that uses resistivity values to determine lithofacies. This is 

done by plotting the conductive and resistive features (Akbar et al. 1995). An example of 

this can be seen in Figure (1.1). When there is maximum separation between the resistive 

and conductive features the rocky type is a mudstone. For this thesis only the images of 

the FMI’s were available, we did not have access to the resistivity values. So to approach 

this problem the Matlab toolbox was used to complete textural analysis. 

2
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Figure (1.1) Conductive are within each processed image is plotted as a log. This is shown by the average 

conductivity for resistive segments in green and for conductive segments orange (Akbar et al. 1995) 

 The Yeso Formation is a Lower Permian unit exposed over most of New Mexico 

and extends into the subsurface in the southeastern portion of the state (Dinterman 2001). 

The Yeso is composed of several members, but in the subsurface the upper most member 

3
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is the Paddock (Figure 1.2). The Paddock is a major reservoir interval in the Maljamar – 

Loco Hills region of the northern Delaware Basin (Figure1. 3).  

  

Figure 1.2: Stratigraphic column of the Leonardian on the Central Basin Platform modified from 

Broadhead et al. 2005. The Paddock member is highlighted in purple. 

4
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Figure 1.3: Map of New Mexico showing the area of interest in the Loco Hills and Maljamara area. 

Primary focus is denoted by blue polygon. (Broadhead et al. 2005) 

 
Very little research has been published on the lithofacies of the Paddock Member 

in this region. The identification of lithofacies is typically done using core and standard 

geophysical logs. However lithofacies can be recognized by using textural analysis of 

microresistivity images from FMI logs. The prediction of the lithofacies using textural 

analysis of the microresistivity images for the FMI logs will be the main focus of this 

thesis. 

The area of concentration is located in the Loco Hills, in New Mexico (Figure 

1.3). The starting point for this project will be in the Jenkins B8 (Figure 1.4), which has 

gamma ray logs, resistivity logs, FMI logs and full core. Textural analysis and core 

description will be completed on this well to determine the lithofacies. The collective 

5
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plan was to use the FMI interpretation parameters to develop a procedure that could 

potentially be used to correlate lithofacies in wells. A single test will not work for all 

lithologies; the hope was that a combination of tests could be developed for other areas 

and then could be used for adjacent wells in a localized area. This can only be done if 

there is core, which has similar range in resistivity values in the test area. All data is 

provided by Concho Resources.  

 

 
Figure 1.4: Map of the Loco Hills area in New Mexico. Primary focus is denoted by blue box (NW. Sec20, 

R. 30E. T.17S). Contours denote the Tub structure.  

 

Figure 1.5: A close up of the Jenkins B8 in Loco Hills, NM. 

6
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Chapter II 

Geologic History 

2.1 Geologic History of North America 

 During the late Precambrian to the early Triassic; Baltica, Laurentia and 

Gondwana started to come together to form the supercontinent Pangaea. Breakup of 

Rodian began 800 Ma, continuing through the end of Cambrian (Miall and Blakey 2008). 

The Breakup of Rodian was a significant rifting event that created the Pacific Ocean west 

of Laurentia (Stanley 2004). At the time of the breakup Laurentia was an isolated 

continent and was comprised mostly of North American and Greenland (Miall and 

Blakey 2008). Laurentia is comprised of several microcontinents that took 100 Ma to 

form 1.95 billion years ago (Stanley, 2004). Laurentia was rimmed by extensional 

margins by the end of the Precambrian. The middle Cambrian began the closure of the 

Iapetus Ocean leading to the formation of island arcs complexes of the coast of Laurentia 

(Figure 2.1). Taconic orogeny was the collision of these island arcs along northeast 

Laurentia and is associated with the closure of the Iapetus Ocean (Miall and Blakey 

2008). The Ordovician (Figure 2.2) mountain building events in North America, known 

as the Taconian orogeny, affected the eastern margin of Laurentia and the formation of 

the Appalachian basin (Miall and Blakey 2008, Stanley, 2004). The Appalachian 

mountain belt formation was driven by three orogenic episodes, the first being the 

Taconian orogeny. The Taconian orogeny was the result of collisions between Laurentia 

and islands that were located in the ocean between Laurentia in the north and Baltica and 

Gondwana in the South (Stanley, 2004). During that time the ocean Proto-tethys formed 

7
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between Baltica and Africa (Miall and Blakey 2008). Baltica was located between the 

North Pole and the equator, in the early Ordovician Baltica started moving northward.  

 

Figure 2.1: Plate-tectonic setting of North America during the Middle Cambrian. (Miall and Blakey, 2008) 

 

 

Figure 2.2: Plate-tectonic setting of North America during the Middle Ordovician (Miall and Blakey, 

2008). 

 In the late Ordovician Baltica was located in a tropical environment and tropical 

limestone were deposited.  During the Ordovician Gondwana began to shift towards the 

South Pole, which lead to glaciations on Gondwana. The icecap that formed on 

8
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Gondwana caused sea level to drop at least 50 meters rapidly (Stanley 2004). During the 

early Silurian, what is now Morocco collided with Laurentia, in what is called the Salinic 

Orogeny. In the early Silurian time, sea levels rose due to the melting of the ice caps, and 

there was a wide distribution of reefs due to warm Paleozoic climates (Miall and Blakey 

2008).  During the Acadian Orogeny also now as the Caledonian orogeny in Europe, 

Avalon terrane made up a small microcontinent that collide during the Silurian (Figure 

2.3). This was the last of series of orgengies that combined Laurentia and Baltica (Miall 

and Blakey 2008). The triple collision of these continents leads to the closing of the 

Iapetus Ocean. By the end of the Silurian, the closure of the Ipeatus Ocean was complete. 

At the beginning of the Devonian, Greenland collided with Baltica, called the Scandian 

phase of the Caledonian Orogeny (Miall and Blakey 2008).  Small uplifts occurred in 

Artic islands caused by the Scandian phase. North America underwent orogenic collision 

on three sides, which became a large component of Pangaea. In the late Devonian or 

Mississippian, the Antler Arc collided with the Cordilleran miogeocline (Miall and 

Blakey 2008).  Quesnell and Stikine terrenes began accreting to North America in the 

Mesozoic. In the Pennsylvanian, the east and South Gondwana margin collided with 

North America, which lead to the Alleghanina orogeny and Marathon-Ouachita orogeny 

(Miall and Blakey 2008). The Ouachita orogeny is thought to start out as terrene 

accretion event in Alabama in the Mississippian extending along the present day gulf 

coast through Texas into Mexico in the Early Permian (Mail and Blake 2008). Miall and 

Blakey suggest that there would have been a remnant ocean over Texas during the 

Pennsylvanian. The final phase of Pangaea construction was strike slip displacement 

9
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between Gondwana and Laurussia as shown in Figures 2.3 and 2.4 (Miall and Blakey 

2008). 

 

Figure 2.3: Plate-tectonic setting of North America during the Early Silurian (Miall and Blakey 2008). 

 

Figure 2.4: Plate-tectonic setting of North America during the Early Permian (Miall and Blakey 2008) 

 

 The Pre-Cambrian Southern part of the interior platform, extending from Texas to 

North Dakota, formed during the break up of Rodinia.  During the Mid-Mississippian 

10
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North American plate collided with Gondwana (Miall 2008). This caused warping of the 

Texas-Oklahoma area, which “accentuated existing” basin to form the Midland and 

Delaware Basin and uplifts which were Diablo platform, Central Basin Platform, Central 

Basin Platform, Eastern shelf, Llano uplift and Ozark uplift (Miall 2008). 

  

Figure 2.5: Paleogeographic reconstruction of the early Permian 280 My. (Blakey, R., NAU.) 

 
2.2 The Tobosa Basin 

 During the early Ordovician, the carbonate shelves were wide, shallow and 

covered most of Texas and New Mexico. In mid-Ordovician, the warping of the shelf 

created a 350-mile wide basin called the Tobosa basin (Adams 1965). The Tobosa basin 

was established between the Texas arch on the east and the Diablo Arch on the west 

shown in Figure 2.6 (Adams 1965). The basin opened up to the Marathon embayment 

where ocean waters circulated. During the late Ordovician to Devonian, parts of the 

Tobosa basin were starved due to the water being “too deep or too acidic for extensive 

limestone to be deposited” (Figure 2.6) (Adams 1965). During this time Marginal 

limestone shelves advanced seaward on talus slopes and in intervening epochs there was 

11
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rapid subsidence of the starved parts of the basin. In mid-Mississippian, Gondwana 

collide with the North American plate, to from Pangaea, which caused mild warping of 

the Tobosa basin. Formation of a median ridge split the Tobosa basin into the Midland 

and Delaware basin (Figure 2.6). After the warping of the Tobosa basin that formed the 

Midland and Delaware basins, this area became known as the Permian basin (Adams 

1965).  

 

Figure 2.6: Delaware and Tobosa basin. (Adams 1965) 

 

Figure 2.7: Isopach of Middle Ordovician sediments (Miall 2008) 

12
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2.3 The Permian Basin 

 The Permian basin is made up of three structural features, the Central Basin 

platform, the Midland basin and the Delaware basin. Figure 2.8 shows the Central Basin 

platform in pink, and the Midland and Delaware basins in gray. The Permian Basin area 

extends from Southeastern New Mexico to the Marathon uplift in South Texas.  

 

Figure 2.8: Structural elements in Southwest Texas (Ross, 1986) 

 
Figure 2.9: Paleogeographic reconstruction of the Permian Basin during the Leonardian (Early Permian) 

(Miall 2008). 

13
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Figure 2.10: Diagrammatic cross sections of the Permian basin. (Adams 1965) 

 
2.3.1 The Central Basin Platform 

 The Central basin platform is a NNW/SSE trending basement uplift made up of 

folded and faulted Precambrian and Paleozoic rocks and is bounded by high-angle faults 

(Ye et al., 1996). The structural feature was formed in the Mississippian, at the same time 

as the crustal shortening of the Marathon-Ouachita (Tai, 2003). There has been no major 

structural change since the Permian. The uplift of The Central Basin Platform peaked in 

the late Pennsylvanian and Wolfcampian and was over by the Leonardian (Tai, 2003). 

During the Leonardian, the platform was capped by limestone. The limestone shelves 

were bordered by reefs, which limited the transport of limestone mud (Adams, 1965).  

The Central Basin Platform has two basins on either side, on the west is the Delaware 

Basin and to the east is the Midland Basin (Figure 2.9). The western boundary of the 

central basin platform is a ten-mile wide fault zone that separates the platform from the 

Delaware basin (Tai, 2003). 

 14
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2.3.2 The Midland Basin 

 The Midland basin is on the east side of the Central Basin platform and is a 

symmetrical westward thickening basin that pinches out northward onto the Matador arch 

(Ye et al. 1996). The Midland basin began to form in the Missourian with Desmoinesian 

platform carbonates were drowned, the basin began to gradually fill with shallow-water 

carbonates (Adams, 1965, Ye et al. 1996). During the Permian, the Midland basin was 

filled with shallow water carbonates and evaporites (Ye et al. 1996).  

2.3.3 Delaware Basin 

 The Delaware basin is a “strongly negative structural depression” in West Texas 

and Southeastern New Mexico (Adams, 1965). The Delaware Basin is a restricted basin. 

(Ye et al., 1996), located on the western side of Pangaea. The basin is an eastward 

dipping and deepens towards the Central Basin Platform and was influenced by the 

Cretaceous-Paleogene Laramide orogeny and Miocene Basin and Range deformation (Ye 

et al. 1996). In the Early Pennsylvanian there was rapid subsidence of the Delaware 

Basin, which produced a wide side spread basin floor that was to deep for limestone’s to 

be deposited (Adams 1965). There was very little clastic supply in the Permian basin, due 

to the “median range rising so slow” that very few block were entirely stripped of the 

sediment. Some limestones were eroded but were dissolved or deposited cold deep waters 

(Adams 1965). Sediments deposited from the east were mainly shale’s and chert 

conglomerates. There was very little sediment deposited in the deep ocean sea way but 

there was however large amount of sand winnowed into bars on the north and north 

western marginal shelves. “The upper Pennsylvanian is even thinner than the early 

15



Texas Tech University, Lauren Crystal Pate, August 2012 

 

Pennsylvanian” (Adams 1965). Limestone was deposited on backstepping shelves and 

clastic wedges along the central basin. The presences of dolomite on these shelves have 

been found and indicate that these shelves were exposed for a short time.   

During the early Permian the Delaware and Midland basins underwent regional 

subsidence (Saller et al. 1989). Sediment thickness during this time exceeded 8,000 feet, 

which lead to the rapid bas subsidence produced compressional stress on underlying 

rocks (Adams 1965). This caused uplift in the Diablo arch on the west and the central 

basin platform on the east. The northern part of the basin was folded by “pop-up ridges,” 

which caused shortening of the crust (Adams 1965).   

Wolfacampian sediment deposited in the Delaware basin range located on the 

eastern, western and Southwestern margins were mainly clastic consisting of chert, 

limestone and arkosic boulders beds with sandstone shale and detrital limestone (Adams 

1965). Marathon ranges on the Southeast could have been the source for the detrital 

deposits, but most of clastics came from rising mountains on the northwest, west and 

Southwest. The Wolfcamipian seas were agitated by turbidity flows and from bottom 

irregularities from mixing of the water column (Figure 2.11) (Adams 1965). Nutrients 

levels were constant during this time allowing Algae and planktonic forms to produce 

hydrocarbon source material. Shelf reefs grew in the shallows during times of slow 

subsidence.  
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Figure 2.11: Diagrammatic cross sections of the Delaware basin. (Adams 1965) 

During the Leonardian the basin continued to subside but not as rapidly as in the 

Early Permian (Adams 1965). Due to leveling of mountains on the west and northwest 

the clastic supplied decreased and only 4000 ft of sediment was deposited. Sediment 

deposited in the basin consisted of dark limestone, shale and fine grain sandstones 

(Adams 1965). During this time there were build-ups of limestone and reefs along Star 

Mountains and the Central Basin platform. Buildup of clastic sedeiment along the 

northwest shelf allowed reefs to forestep, which sped up the seaward shelf growth 

(Adams 1965). The broad shelves at this time had widespread restricted lagoon where 

evaporates were deposited.  

During the Late Permian as shown in Figure 2.12 sediment thickness reached 

7,000 feet that filled depression from earlier Permian epochs, as well as regional down 

warping from the tilting of the old Tobosa basin (Adams 1965). The sediment during this 

time was separated by lithology into two groups, the Guadalupian and Ochoan. The 

Guadalupian rock consists of reef-bordered limestone shelves that had rims that reached 

1,500 to 2,000 feet or more. The reefs had talus slopes in front, which had 30° slopes and 

has isolated evaporate lagoons behind them (Adams 1965).  Large dolomitize reef rock 
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can be found spread across the basin floor indicating that the reef was exposed. The 

subsidence of the Delaware basin slowed during this time, which caused limestone 

shelves to be “checked on reaching sea-level”.  The reefs were exposed at wave action, 

which lead to the erosion and produced large amount of talus (Adams 1965). This caused 

the reefs to forestepping until the block the strait in the Delaware basin causing 

everything behind this barrier to become a restricted lagoon. The sediments behind this 

barrier are known as the Ochoan group, which are extensive (Adams, 1965). 

  

Figure 2.12: Diagrammatic cross sections of the Delaware basin from the middle Permian to the Late 

Permian. (Adams 1965) 
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Figure 2.13: Schematic paleogeographic sketches (Miall 2008) 

 

2.4 Depositional History of the Yeso 

 During the early to middle Permian the northeastern parts of the Delaware basin 

were shallow enough to produce limestone shelves (Adams 1965).  The Yeso Formation 

is Lower Permian (~280 My.) in age and was deposited on the Northwestern Shelf of the 

Delaware Basin (Dinterman 2001). During the early to mid-Permian the Delaware basin 

underwent rapid subsidence, which caused the Central basin platform to rise several 

thousand feet (Adams 1965). The Delaware deepened asymmetrically to the east, and the 

sediment began to thicken towards the Central Basin platform (Ye et al 2001) In the 

Early Permian glaciations in Southern Gondwana were common but during the middle to 

late Early Permian, when the Yeso was deposited, there were no glaciers present 
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(Holterhoff 2010). By the Leonardian, the Yeso overlapped, and was substantially 

reduced in relief Ancestral Rocky Mountains and the Pedernal uplift (Dinterman 2001).  

 Yeso equivalent in the Midland Basin is the Clear Fork and the basinal equivalent 

to the Yeso is the Bone Springs Formation (Figure 2.14). During the Leonardian the 

Northwest shelf of the Delaware Basin in the Maljamar – Loco Hills region was 

dominantly aggradational with some southward progradation in to the Delaware Basin 

(Saller et al. 1989). There are a range of EOD’s (Environment of Deposition) found in the 

upper Yeso in the Loco Hills region, including supratidal islands, subtidal and tidal flats. 

The Yeso is mainly dolostone with some silt and has anhydrite filled pores and cement 

(Concho 2010). 

 

Figure 2.14: Stratigraphic nomenclature and time-equivalent formations on the surrounding shelves of the 

Delaware basin. The Yeso is denoted by the blue box and the Clear Fork denoted by the yellow box. 

(Dutton et al. 2003) 
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Chapter III 

Tools and Methods 

3.1 Tools 

 Borehole imaging was first developed in the 1950’s; because of the oil industries 

need for fracture detection in the borehole and for well remediation. The first borehole 

imaging device was a photographic camera rigged for a borehole (Prensky, 1999).   In the 

1968 Mobil developed the first acoustic imaging device and in 1986 Schlumberger 

developed the first electrical imaging log the FMS which had 2 pad and 54 electrodes 

(Prensky, 1999). The first FMI was developed in 1991 and it had 4 pads and 4 arms with 

192 electrodes shown in figure 3.1 (Prensky, 1999). 

 Figure 3.1: Schematic of Schlumberger FMI™ tool showing contact buttons on pads and flaps, and 

illustrating path of current to upper return electrode ( Passey et al. 2006). 
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  FMI (Full-bore Formation MicroImager) logs are the Schlumberger electrical 

logging tool that takes microresistivity data throughout the borehole. The FMI tool can 

consist of four pads or eight pads. Figure 3.2 shows a comparison of the amount of 

coverage of the four pad tool compared to the, eight pads tool and whole core. A whole 

core is about 4 inches in diameter, which is about half the diameter of the borehole, so 

does not sample the entire wall of the hole but it is a contiguous sample of the rock. The 4 

pad FMS only covers ¼ of the borehole and the 8 pad FMI has 80% borehole coverage in 

an 8-inch whole (Schlumberger 2002). The pads are pressed against the wall of the 

borehole and then a voltage is produced. The multi-pad devices, such as the FMI, injects 

current into the formation while keeping the pads at a constant potential and the 

electrodes measure the current density at each pad (Prensky 1999).   

  

Figure 3.2: A schematic diagram to show the difference in coverage of a 21.59cm borehole by the 4-pad 

and 8- pad electrical imaging tools and by a whole core (Goodall et al. 1998) 

 

The tool used for research in this thesis is the eight pads FMI shown in figure 3.2; 

I also had access to whole core to calibrate the FMI images.  The FMI tool used for this 

thesis is the 8 pad FMI. The 8 pad FMI is made up of four arms with 4 pads and 4 flaps, 
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one flap and pad on each arm (Passey et al. 2006). Each tool pad has a series of electrode 

buttons that collect raw resistivity data. On each pad and flap there are two rows of 

buttons. All together there are 192 current buttons, 24 on each pad (Goodall et al., 1998). 

The electrodes on each pad can vary in number but the diameter of the electrodes is 

always 5mm. The electrodes are arranged in two rows and these rows are always offset 

from each other by a half pad diameter, so that the lateral sampling is that of half the 

button diameter (Cheung 1999). The FMI generates 192 microresistivity curves that are 

processed and produce a colored image (Goodall et al. 1998). Figure 3.3 shows data from 

an eight pad Schlumberger FMI logging tool. FMI have resolution of 0.2 inches, which 

means that objects in the formation that is 0.2 inches or larger appears as its true size. 

Anything in the formation smaller than 0.2 inches with a resistivity contrast compared to 

background rock maybe visible (Schlumberger 2002). The FMI is uncalibrated log, it 

always run with a resistivity log, so after the log is run; it is then calibrated to the 

resistivity.  

 
Figure 3.3: Colored FMI image of the Paddock Member (courtesy of Concho resources). 
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FMI have many advantages and as with most logging tools there are 

disadvantages as well.  FMI have high resolution with good strike and dip quantification 

of natural and induced fractures (Prensky 1999).  FMI are capable of resolving smaller 

feature than that of its competing image logs (Prensky 1999). FMI can be used for thin 

bed detection but irregular logging speed (sticking and pulling) can cause layer 

misalignment. Electrode-type resistivity devices, such as FMI, require water based 

conductive borehole mud’s (Prensky 1999). FMI with four pads have limited borehole 

coverage, to improve coverage Schulmberger developed FMI’s with 6 or 8 pads (Prensky 

1999). 

Both Static and Dynamic images are produced from the FMI microresistivity data 

(Figure 3.3). The static image is produced by scaling resistivity values so the most 

resistive rock in log for the entire well is assigned white and the most conductive rock is 

assigned black.  Then everything in between is scaled accordingly. This allows you to see 

the change in resistivity within the well and will have less resolution for small differences 

in resistivity. The dynamic image is produced by in a similar method; except the color 

vales are over half foot interval. This brings out the texture in the rock, so factures, 

porosity and grains are visible; but it means information is independent of values on other 

parts of the log. It also means that a 0.5 foot interval with a very small range of 

resistivity’s will exhibit more apparent texture than one with lithology with large changes 

in resistivity. In figure (3.3) the static image displays overall changes in resistivity where 

the dynamic image accentuates and brings out fractures, bedding and pores 
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3.2 Methods 

  In order to do textural analysis, a core description analysis must first be 

completed. The lithofacies are determined by using core and then correlated with the FMI 

logs. Common rock types found in the Paddock are anhydrites, siltstones and dolostone, 

with Dunham textures ranging from grainstones to wackestones.  The grains found in 

samples are mostly ooids and peloids with some dissolved mollusks and bioclast (Concho 

2010). 

The core descriptions and analysis were complete by geologist at Concho and 

were correlated with the FMI logs in the test well to match the FMI log to lithology. In 

the study area a large quantity of FMI logs are available but for this thesis we only had 

accesses to the images and core. The pixels intensity values are used in place of the 

resistivity values. To identify the lithofacies on the FMI logs, textural analysis was 

completed.   

Textural analysis has more than one definition but for the purpose of this thesis 

texture is defined by Tuceryan et al. (1998) “as a function of the spatial variation in pixel 

intensities”. For this thesis gran areas and grain roundness is consider textural attributes 

that are used to identify rock types. Textural analysis has been used for image analysis 

with 2D and 3D seismic reflection data for facies classifications (West et al., 2001) as 

well as lithofacies classification in image logs. Seismic facies classification is completed 

by using set parameters, such as continuous and intensity, and neural networks. This 

approach is a little different than textural analysis completed using logs. Seismic textural 

analysis focus on continuity, were log textural analysis focus on small scale features such 
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as grain size and shape. Facies recognition work with FMI has been completed on 

silisticlastic, volcanic and carbonate formations. The definition of textural analysis 

commonly used in lithology identification is the process examining a target pixel and 

determining its intensity and similarity or continuity of intensity to the surrounding pixels 

(Figure 3.4). 

 Figure 3.4: The textural attributes are plotted to assist the interpreter in the graph (West et al. 2002).  

 

 Objects found in nature tend to be discontinuous, and have repetitive patterns 

instead of the continuous patterns found in manmade objects (Tuceryan et al. 1998). The 

intensity of the pixel is on a gray scale and ranges from 0 (black) to 256 (white). Do to 

the heterogeneity of carbonate reservoirs and the digenesis that Paddock member has 

under gone; the methods used are focused on grains texture and porosity.  To do this, the 

image analysis toolbox of Matlab will be used to calculate the intensity values from the 

resistivity image, grain roundness and area of the grains. Then the Lithofacies described 

in the core will be calibrated and identified in the FMI images.  A process using Textural 

analysis of FMI images was developed to identify lithofacies in the Paddock Member. To 

check lithofacies picked by the procedure developed sequence stratigraphy analysis will 

be completed on the test well to audit authenticities of inferred rock types.  
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Figure 3.5: FMI flow chart depicting the workflow that will be used in the thesis. 

 

 Computer based procedures were developed to use textural analysis of FMI logs 

to identify the eleven rock types found in the well. By developing computer based test to 

identify such lithologies we remove the ambiguities and subjectivity of analysis by the 

human eye and once automate reduced the time required for such analysis.  

 

 

 

 

 

 

Table (3.6) displays all rock types present in the FMI logs that were identified by core and the number of 

samples available. 

 

 

 

Rock type Number of test rocks 

Algal dolo- packstone 2 

Anhydrite 2 

Bioclast Grainstone 3 

Grainstone 4 

Ooid Grainstone 5 

Packstone 9 

Peloids Grainstone 5 

Peloids Packestone 3 

Siltstone 4 

Sandy Siltstone 2 

Wackestone 13 
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Below are the examples of the 11 lithologies tested as they appear in the FMI and in the 

Cores available: 

1) ALGAL DOLO-PACKSTONE

STATIC DYNAMIC

2 mm

 

 

 

 

 

Figure (3.7) shows 11 lithologies used in this thesis as well as a thin section that representative of each rock 

type. Images and thin sections were provided by Concho resources. 

 

The static image is very conductive and is in the black range of the color scale. Very little texture can be 

seen in the stactic image due to the very conductive nature of the image. The dynamic image is a 

discontinuous and has small isolated section of high resistivity (white) and conductive (black) pattern 

that is similar to the thin section.  
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2) Anhydrite

Static Dynamic

2 mm

 

3) Bioclast Grainstone

STATIC DYNAMIC

2 mm

 

 

 

Figure (3.7 continued) shows 11 lithologies used in this thesis as well as a thin section that representative of 

each rock type. Images and thin sections were provided by Concho resource 

The Anhydrite is so resistive and tight that it is almost completely white out the static image. In the 

Dynamic is very discontinues and has an isolated area of conductive and resistive, that are one pixel 

length in size. This texture is due to electrical noise from the anhydrite being very resistive and tight.  

The static image has lareg areas of medium resistivity throughout the image. Long conductive zones 

visible in the image are fractures. The dynamic image shows mediums sized objects of high resistivity 

that are surround by areas of medium resistivtiy.  
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4) Grainstone

STATIC DYNAMIC

2 mm

 

5) Ooid Grainstone

STATIC DYNAMIC

0.5 
mm

 

Figure (3.7 continued) shows 11 lithologies used in this thesis as well as a thin section that representative of 

each rock type. Images and thin sections were provided by Concho resources. 

 

The Static image has large high resistivity isolated areas surround by a small amounts of medium 

resistivity. The dynamic image looks very similar to the static image; there are more conductive areas 

than that of the static image.  

 

The Static image has high resistivity throughout the image. The dynamic image shows 

very small isolated areas that are medium resistivity and high resistivity.  
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6) Packstone

2 mm

STATIC DYNAMIC

 

7) Peloids Grainstone

2 mm

STATIC DYNAMIC

 
Figure (3.7 continued) shows 11 lithologies used in this thesis as well as a thin section that representative of 

each rock type. Images and thin sections were provided by Concho resources. 

 

The static image has small isolated areas of very high resistivity with some small 

isolate area of conductive. The texture show isolated grains that are fairly close 

to each other. 

The Static image has large isolated areas of medium resistivity. The 

dynamic has isolated large conductive sections.  
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8) Peloid Packestone

2 mm

STATIC DYNAMIC

 

9) Siltstone

STATIC DYNAMIC

 

Figure (3.7 continued) shows 11 lithologies used in this thesis as well as a thin section that representative of 

each rock type. Images and thin sections were provided by Concho resources. 

 

The static image is very conductive. The dynamic image has isolated small rounded objects that 

are separated my matrix  

 

No thin section available for Siltstones. The static image is very conductive. 

The dynamic image has medium resistivity with isolated very conductive 

sections.  
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10) Sandy Siltstone

STATIC DYNAMIC

11) Wackestone

2 mm

STATIC DYNAMIC

 

Figure (3.7 continued) shows 11 lithologies used in this thesis as well as a thin section that representative of 

each rock type. Images and thin sections were provided by Concho resources. 

 

The methods used in the procedure are grain area, grain rounding, intensity image 

histograms, 1D cross correlation and 2D cross correlation. 1D cross correlation and 2D 

cross correlation did not produce consistently usable results within rock types. 

No thin section available for Sandy. The static image is conductive. The dynamic image has 

medium resistivity with large isolated very conductive sections. 

 

The static image show medium resistivity. The dynamic log show small round grains 

floating in matrix.  
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Chapter IV 

Data Processing 

4.1 Pre-Processing 

As mention before the FMI does not provided full borehole coverage, only 80% 

of the borehole is covered. This causes gaps within the data and the gap can be mistaken 

for texture within the image. If we wanted to track large features such as fractures we 

would want to retain these gaps. The gaps are such a dominate feature that they can cause 

the programs to miss vital textures. Before any test can be completed on the FMI’s gaps 

need to be removed and texture in the image must be enhanced. To remove the gaps in 

the data, a program was written to search and remove any zeros that cross the entire 

image. This removes most of the lines but can leave short line segments.  Line segments 

with more than 20 zeros are replaced by the median of the neighboring pixels. This 

program uses a median filter to also remove secondary red lines that were caused by the 

tool dragging debris in the borehole. Theses red lines are recognized as lines of pixels 

with the value of 124. Figure (4.1) shows a section of an FMI log where the lines have 

been removed. After the gaps are removed the area is smoothed by a median filter, 

sometimes small line segments can be left behind due to the absence of data. This does 

not greatly affect the data most of the time because the objects that were are looking are 

smaller than the line segments left behind.  
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A)                                      B)     

Figure (4.1): image A is the original image B) is the image with red lines and spaces removed using 

rmlinesn3s. 

 

 To enhance the texture a standard deviation filter was applied to the image.  Matlab uses 

these common these textbook definitions to define standard deviation: 
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Equation 1: Common formulas used to define standard deviation taken from Mathworks.com 1984-2012. 
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Theses formulas in equation 1 are used to find an unbiased approximation of the 

variance in the range in intensity values (Mathworks.com 1984-2012). The standard 

deviation filter computes the standard deviation (STD) of the intensity values in a 3 by 3 

neighborhood around the area of each pixel that emphasizes the grain outline which 

makes it easier for the programs to estimate roundness, to identify individual grains. 

Pixels on the edge of the photo have a symmetric padding applied so that they can be 

included in the filtering (Mathworks.com 1984-2012).  Figure (4.2) shows an example of 

the application of the STD filter. Image A is an unfiltered section of an FMI log. In image 

B we can see how the STD Filter emphasizes the grain outline and neutralizes the color in 

the middle of the grain.  Then the inverse of the image with the texture filter is produced. 

The reasoning behind doing this is the gap between the textures lines can be mistaken as 

porosity or grain edges and to prevent confusion for the programs run later, these were 

removed. This is done by taking the inverse of the image, this fills in the whole and 

emphasis the actual texture not any secondary excess. This can be seen in figure (4.2) 

where A show the original image with the gaps removed and B show the image after the 

standard deviation filter has been applied. C show the inverse of B. For example if there 

were 3 pixels with the values or 1,2 and 3 and the inverse was taken then the values 

would be 3,2 and 1. 
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 A) B)  C)  

Figure (4.2): A is the original image displayed without the color map. B is the image that has been filtered 

by a standard deviation filter (stdfilt) and C is the inverse of the image with standard deviation filter. 

 

4.2 Grain Area 

 Grain area test were computed for all of the rock types.  The code was modified 

from MATLAB image analysis toolbox was to analysis FMI images. To find the area of 

the grains, it is necessary to highlight the contrast between the matrix and the grains. 

Highlighting the contrast makes it possible for the algorithm to distinguish the grains 

from the background noise in the image (Mathworks.com 1984-2012). For the purpose of 

obtaining the grain area, grains are defined as connected components in the image 

(Mathworks.com 1984-2012). The area of the grains is calculated, by integrating number 

of actual pixels in the designated section of the image (4.3). 

37



Texas Tech University, Lauren Crystal Pate, August 2012 

 

A)   B) C) D)  
Figure (4.3):  This demonstrates that image processing that need to be completed before the Area of the 

grains can be calculated. A) pre-processed image, B) has been processed to show contrast between 

grain and matrix, C) all background noise has been removed from the image, D) grains have been 

identify and area is ready to be calculated. 

 

Grain area are plotted on a histogram and then the largest peak and the second largest 

peak of each histogram are found and stored in excel file. The following is an example of 

a sample histogram and its peak values numerically in a spread sheet for both dynamic 

and Static (figure 4.4): 

 

                 

 
Dynamic Peak 1 Static Peak 1 Dynamic Peak 2 Static Peak 2 

0.230263158 0.198776758 0.013157895 0.009174312 
 

Figure (4.4): shows the histograms used to find the two largest peaks and the Excel that displays the two 

peaks numerically for static and dynamic. 

Dynamic Static 

Percentage 

of bin filled 

Area values Area values 

Percentage 

of bin filled 
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The two largest peaks in the histograms are plotted in the graph (Figure 4.5) that 

is used to identify lithologies. The percentages were only used to identify rock types for 

the largest peak (dominant grain size) not the placement, because all largest peak values 

fell in either 50 or 70 range. The placement of these values were too ambiguous to isolate 

any one rock type, so the placement of the values for the first peak were not used. For the 

second largest peak both the grain size area and percentages were used as identifiers of 

lithology. Another test to identify rock types was to take the difference of the static and 

dynamic image for both peaks and plot the ranges in a graph. This graph can be seen in 

figure 4.8. Rock types are plotted on the Y axis and the peak values on Plotted on the X 

axis.  

 
 Figure (4.5) shows grain area range for the largest peak for all rock types. 
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Grain Area 2nd largest Peak Placement

Algal

Anhydrite

Bioclast G

Grainstone

Ooid

Sandy

Peloids P

Peloids

Packstone

Siltstone

Wackestone

Static Dynamic

90 330290130 190 230 390 430 490

 
Figure (4.6): show the ranges for the second largest peaks areas. The X axis values are the area values. 

Grain Area 2nd largest peak

Algal

Anhydrite

Bioclast G

Grainstone

Ooid

Sandy

Peloids P

Peloids

Packstone

Siltstone

Wackestone

Static Dynamic

.001 . 15.03 .06 .09 .12.003 .006 .009

 
Figure (4.7) show the percentage values for the second largest peak. 
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Grain Area differences

Algal

Anhydrite

Bioclast G

Grainstone

Ooid

Sandy

Peloids P

Peloids

Packstone

Siltstone

Wackestone

P2P1

-.06 . 15.03 .06 .09 .12-.03 -.01 .01

 
Figure (4.8) shows the difference between the dynamic image values and the static image values. 

No test was singularly conclusive, so a spreadsheet was made were if a sample 

fell within a rock types range and X was placed under that rock type’s category in a 

spread sheet. Theses X’s were placed in a spread sheet to see how each sample falls in 

each test and the rock is identified as the ones that matches the largest number of test. 

Table 4.9 shows an example of one of these spread sheets the grain area test.  

Rock sample AL AN BIO GS OO PAC PEL PEL_P SA SILT WAC 

Grain Area Peak 1 
Dynamic     x x x X x   x x X 

Grain Area Peak 1 Static x X   x x X x   x x X 

Grain Area Peak 2P 
dynamic   X x x x X x x x   X 

Grain Area Peak 2P static   X x x   X x   x   X 

Grain Area Peak 2 dynamic   X x x x X x x x x X 

Grain Area Peak 2 static     x x x X x x x x X 

Grain Area Difference       x x X x   x x X 
 

Table (4.9) show a spread sheet with X’s to show which range the following sample fell under. 
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4.3 Grain Rounding 

 The next test performed on each rock type was grain rounding. Before the 

roundness of the grain can be calculated, noise is removed from the image. If there are 

any holes are gapes in the grains are filled in. A boundary is drawn around the grains by 

selecting all connected components without holes (Mathworks.com 1984-2012). Figure 

4.10 shows the transition of the processing that went into getting the image read for 

calculating the roundness of the grains. To calculate the roundness, the area and centroid 

must first be found. The area of the grains is calculated, by integrating the number of 

actual pixels in the designated section of the image. The centroid is produced by 

specifying the center of mass of the selected area.  The roundness is calculated by using 

the following formula: 

A)   Roundness = 4* π *area 

                                Perimeter 
2 

  

B) C)  D)  

Figure (4.10): This demonstrates that image processing that need to be completed so that rounding values 

can be produced. A) The formulas are used to calculate the rounding values.  B) show the image before any 

rounding processing begins, C) in this image all holes and gaps were removed as well as any pixel that was 

less 30 pixels, D) show the final product with the rounding values present in the rock 

  
The roundness values are then put into a histogram. The closer the grain 

roundness is to 1, mean that the grain is circular. Grains that have a roundness value 

greater than 1 means that it is not circular but has a large surface area. Two polygons 
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were fit to the histogram and the slope was taken.  The histogram with the polygons can 

be seen in figure 4.11.  Although all of the shapes of the histograms vary, they tend to 

follow a pattern in which the bins tend to increase until a maximum is reached and then 

they began to decrease. Two polygons were fitted to the histogram to find the positive 

and negative slope of the polygon. The positive slope of the polygon is referred to as P1, 

and the negative slope of the polygon is referred to as P2. The polygons were fitted to the 

histogram in order to quantify the relationship of the amount of angular and round grains 

present in the sample. For example if P1 has a large slope than P2, this indicates that the 

grains in the sample are angular, where if the slope for P2 is larger this means that the 

grains in the sample tend be rounded. 

 

 
 
Figure (4.11): Shows a histogram with P1 and P2 plotted. P1 is a polygon fitted to the histogram and has a 

positive slope.  P2 is a polygon fitted to the histogram and has a negative slope. 

 

  

The slope of each of the lines is then calculated and the ranges for each rock types found 

using both P1 and P2.  

 

P1 P2 
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Dynamic       Static     

  P1 P2     P1 P2 

Sample 0.627 -0.17857   Sample 0.5328671 -0.1818182 

       

 

Table (4.12): Shows sample values that were taken from the grain rounding histogram. 

 
These values were then plotted in a graph (Table 4.12) where the rock type is in 

the Y axis and the ranges of P1 or P2 are plotted in the X axis. The roundness values for 

the static and dynamic images are shown. Orange represents the Static range and Teal 

represents the ranges of the dynamic values. A graph was also made showing the 

difference between the dynamic and the Static image (figure 4.15). This test was 

ambiguous and did not lend to the identification of the lithologies. Therefore this test was 

not used for identification of rock types. 
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Figure (4.13) shows grain rounding with positive slope P1 ranges for all rock types.  

 

 

Grain Rounding P1 

Algal 

Anhydrite 

Bioclast G 

Grainstone 

Ooid 

Sandy 

Peloids P 

Peloids 

Packstone 

Siltstone 

Wackestone 

.3 .35 .4 .45 .5 .55 .6 .7 .65 

Dynamic 
Static 
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 Figure (4.14) shows grain rounding with negative slope P2 ranges for all rock types.  

Algal

Anhydrite

Bioclast G

Grainstone

Ooid

Sandy

Peloids P

Peloids

Packstone

Siltstone

Wackestone

-.1 .30 .2.1.05-.005-.01-.05

P2P1

Grain Rounding difference

 
Figure (4.15) shows the difference of the static and dynamic image for grain rounding. Note that this test 

was found to be inclusive and was not used for rock type identification. 

Grain Rounding P2 

Algal 

Anhydrite 

Bioclast G 

Grainstone 

Ooid 

Sandy 

Peloids P 

Peloids 

Packstone 

Siltstone 

Wackestone 

- .03 - .05 - .07 - .09 - .11 - .13 - .15 - .19 - .17 

Dynamic 
Static 
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Rock sample AL AN BIO GS OO PAC PEL PEL_P SA SILT WAC 

Static Grain Rounding P1    x x x x x X  x 

Static Grain Rounding P2        x X   

Dynamic Grain Rounding P1  x  x x x x  X x  

Dynamic Grain Rounding P2 x      x x X   
 

Table 4.16 is an example of what a sample spread sheet looks like when a sample rock types is ran 

thorough the roundness range graphs. Sandy is the only rock type that has an X in every category for the 

roundness test. If you look at the test individual you can see that each test has more than one rock type with 

an X in a category. When all the tests are put together Sandy has the most X’s in its category. 

 

4.4 Intensity image histograms 

 An image intensity histogram was run on all rock types. This was done by using 

the imhist coded from the image toolbox. The imhist code displays a histogram of pixel 

intensity values from the image; the number of bins is determined by image type. The 

image type used for this thesis is a gray scale image; an automatic bin size of 256, which 

is the maximum intensity value. The imhist test was only run on the static image, because 

the dynamic image histograms had little to no variation in the intensity values. The lack 

in variation of the intensity of the pixels causes the test to be ineffective for the dynamic 

image only. Once the histogram is run it is then normalized and re-plotted with a 

cumulative sum plot that was made to compare and display where the bulk of the data 

falls. This helps furthered lithology identification. Figure 4.17 show an image intensity 

histogram that was normalized (plotted in red) and then a cumulative plot was made 

(plotted in blue). 
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Figure (4.17) shows intensity image histogram that is re-plotted and normalized with a cumulative sum 

plot. The x axis for the first histogram is the number of pixels and in the cumulative histograms the x axis 

represents the percentage. The y axis for both histograms shows the intensity value of the pixel. 

 

A Graph was made comparing the ranges at which the values of the cumulative 

sum hit 100%, 90% and 75% for each rock type (figure 4.18). Orange represent 100%, 

Teal represents 90% and 75% are represented by purple. The Y axis is rock types and the 

X axis is intensity values from 0 to 200. In the histograms the intensity values on the X 

axis ranges goes to 256 but the intensity values max out at 125, so for this graph the max 

value on the X axis is set 200.  
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Figure (4.18) shows the ranges for intensity image histogram for all rock types. 

 4.5 Cross Correlation 

 There were two types of cross correlation tested on the rock types, 1D cross 

correlation and 2D cross correlations. 1D cross correlation was script taken from the 

Matlab image toolbox and was modified to work with FMI images. Mathworks.com 

defines correlation as “Measures the join probability occurrence of the specified pixel 

pairs”. To complete 1D cross correlation the pixels are compared to one another 

horizontally across the image using an offset angle of 0. Then the pixels are compared to 

see how well the contrast of the pixels correlates horizontally across the image. Then a 

graph is produced to show the correlation plotted against the offset. This can be seen in 

the following figure: 

Image Histogram 

Algal

Anhydrite

Bioclast G

Grainstone

Ooid

Sandy

Peloids P

Peloids

Packstone

Siltstone

Wackestone

0 25 50 75 100 125 150 200175

100%

90%

75%
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Figure (4.19): The graph show 1d correlation that is plotted against the correlation of the pixels contrast 

against the horizontal offset of 0. 

 

For this test there was not a consistent usable pattern in which rock types could be 

determined. 2D cross correlations was developed to detect repetitive patterns across the 

entire FMI image. To do this a sample of an image was taken from each rock type that 

was supposed to represent the typical texture for a rock type. The cross correlation 

function from each rock type image was normalized by the width and length so that 

image size did not affect results. Then the normalized correlation was plotted with the 

cumulative sum (figure 4.20). 
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Figure (4.20) the figure show 2d correlation with 5 plots. The first is a colored plot that shows the amount 

of correlation between the sample and rock. Where green is neutral, blue is the opposite and red is a perfect 

match. The second plot shows the correlation graphically, the third and four plots are normalized and show 

the amount of correlation graphically. The 5 plot is a cumulative sum plot. 

 

For this test there was not a consistent usable pattern in which rock types could be 

determined. 

4.6 Combined attribute analysis 

 Once the range for each test is determined for each rock type they are plotted in a 

graph and then tested. The identified rocks were re-tested in random order and the values 

for each compared to the graphs. If the rock type fell within the rock types range an X is 

placed in the category. After all the values have been placed in the category, they are 

tallied up. The rock type with the most X’s is the first choice and the rock type with 

second most numerous amount of X’s in it, is the second best. In certain cases the second 

best rock type is the correct answer. Sequence stratigraphy is completed to double check 
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the precision of the interpretation (Table 4.21). Figure 4.22 show a flow chart the 

represent how the final chart in chapter 5 was produced. The first choice and second 

choice for the combined attribute spread sheet were used to make basic sequence 

stratigrapy pick. Such as, were the lithology pick is usual found on the platform and 

whether it is deepening or shallowing. Then this picks were compared to the core and 

authenticity of the picks were determined. 

 

Table (4.21) show a spread sheet with X’s to show which range the following sample fell under. 

Rock sample AL AN BIO GS OO PAC PEL PEL_P SA SILT WAC Answer Rock 1ST # 2ND #

Image histogram x x  x correct SA SA 11 GS 9

Static Grain Rounding P1    x x x x x x  x PEL

Static Grain Rounding P2 x x  

Dynamic Grain Rounding P1  x  x x x x  x x  

Dynamic Grain Rounding P2 x      x x x   

Grain Area Peak 1 Dynamic   x x x x x  x x x

Grain Area Peak 1 Static x x  x x x x  x x x

Grain Area Peak 2P dynamic  x x x x x x x x  x

Grain Area Peak 2P static  x x x  x x  x  x

Grain Area Peak 2 dynamic  x x x x x x x x x x

Grain Area Peak 2 static   x x x x x x x x x

Grain Area Difference    x x x x  x x x
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55 samples 
were tested.

The 55 samples were then 
compared to the Range 

chart graphs for each test

Then a lithology was 
selected completing 
combined attribute 

analysis

First best was 
chosen by 

lithology with the 
most numerous 

X’s 

Second best was chosen by 
using patterns found in 
lithology selection.   If a 

certain lithology is always 
selected with another than 
that used to determine the 

correct lithology

Placement on the 
Platform was interpreted 

and the sequence 
stratigraphy

Then sequence stratigraphy peaks both first 
best and second best are compared to the 

sequence stratigraphy of the core to 
determine accuracy

 

Figure (4.22) this flowchart show the methods used to create the large final results chart seen in chapter 4. 
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Chapter V

 
  Results 

5.1 Results from Procedures 

The process of the textural analysis was used to describe the texture of each rock 

type in static images, which have color shading that are the same across the entire well. 

Color changes down hole shows the overall change in resistivity. This makes it easier to 

identify the most resistive rock type and conductive rock type in the static image. The 

dynamic image colors are normalized every half-foot, which emphasizes the texture, 

porosity, fractures and fluids in the image. There was no conclusive test. When a sample 

was tested, more than one rock type was selected. When the tests were combined, most of 

the time one rock type was isolated. In some cases, the rock types were narrowed down to 

three types. In this case they were usually very similar in texture and were difficult to 

differentiate between using only logs. 

The grain area graph separates the rock types in to four groups for each static and 

dynamic image. The ranges for the four groups were: .13 to .16, .16 to .20, .20 to .23, and 

.23 to .27. The following table show the area ranges that each rock types falls within: 
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Image type .13 to .16 .16 to .20 .20 to .23 .23 to .27 

Static 

Algal, 

Anhydrite, 

Ooid, Peloid 

Packstone, 

Siltstone 

Bioclast 

Grainstone, 

Grainstone, 

Ooid, 

Packstone, 

Peloids, 

Sandy, 

Siltstone, 

Wackestone 

Grainstone, 

Ooid, 

Packstone, 

Siltstone, 

Wackestone 

 Grainstone, 

Packstone, 

Wackestone 

Dynamic 
Anhydrite, 

peloids 

Anhydrite, 

Ooid, 

Packstone, 

Peloids, Peloid 

Packstone, 

Wackestone 

Anhydrite, 

Bioclast 

Grainstone, 

Grainstone, 

Ooid, 

Packstone, 

Peloids, 

Siltstone, 

Wackestone 

Algal, 

Anhydrite, 

Grainstone, 

Ooid, 

Packstone, 

Peloids, 

Siltstone, 

Wackestone 

 
Table 5.1 shows the grouping for Grain Area. 

The grain rounding test produced histogram that shows the variation in roundness 

for each sample. P1 that have low angles, tend to have low roundness values in the first 

bins. This means that the majority of the grains had to be relatively rounded. If P1 has a 

large slope, then the majority of the grains in the samples tend be more angular. P1 for 

the largest peak in grain rounding graph separates the rock types in to three groups for 

each static and dynamic image. The ranges for the three groups were: .3 to .5, .5 to .6, 

and .6 to .7. Where each rock type falls into which ranges can be seen in the following 

graph: 
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Image type .3 to .5 .5 to .6 .6 to .7 

Static 

Algal, Bioclast 

Grainstone, 

Grainstone, 

Packstone, 

Wackestone  

Grainstone, Ooid, 

Packstone, 

Peliods, Peloid 

Packstone, Sandy, 

Siltstone, 

Wackestone 

Anhydrite, 

Peloids 

Dynamic 

Algal, Bioclast 

Grainstone, 

Grainstone, 

Ooid, 

Packestone, 

Peloids, 

Wackestone 

Anhydrite, Bioclast 

Grainstone, 

Grainstone, Ooid, 

Packstone, 

Peloids,Sandy 

Siltstone, 

Wackestone 

Anhydrite, 

Grainstone, 

Ooid, Packstone, 

Peloids 

Packestone 

 
Table 5.2 shows the grouping for the P1 for the largest peak in rounding grain. 

 

The grain rounding for P2, is the negative slope for the polygons on the grain 

rounding histogram. If P2 is a large negative slope this means that the grains in the 

sample tend to be more rounded and if P2 is a small negative slope then the grains tend to 

be more angular. The grain rounding for P2 graph separates the rock types in to four 

groups for each static and dynamic image. The ranges for the four groups are: -.03 to -

.07, -.07 to -.11, -.11 to -.15, and -.15 to -.19. Where each rock type falls into which 

ranges can be seen in the following graph: 
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Image type  -.03 to - .07 -.07 to -.11 -.11 to -.15 -.15 to -.19 

Static 

Anhydrite, 

Grainstone, 

Ooid, 

Packstone, 

Peloids  

Algal, 

Anhydrite, 

Bioclast 

Grainstone, 

Grainstone, 

Packstone, 

Peloids, 

Siltstone, 

Wackestone 

Algal, 

Packstone, 

Peloids, 

Peloid 

packstone, 

Siltstone, 

Wackestone 

Peloid 

Packstone, 

Sandy, 

Siltstone 

Dynamic 

Anhydrite, 

Ooid, 

Packstone, 

Peloids 

Algal, 

Grainstone, 

Ooid, 

Packstone, 

Peloid, 

Wackestone 

Algal, Bioclast 

Grainstone, 

Grainstone, 

Packstone, 

Peloid, Peloid 

Packstone, 

Siltstone 

Algal, Bioclast 

Grainstone, 

Peloids, 

Peloids 

Packstone, 

Sandy, 

Siltstone 

 

Table 5.3 shows the grouping for the P2 for the largest peak in rounding grain. 

The image histogram that was used to identify rock types, tends to be fairly 

inconsistent with the identity of the rock types except for anhydrite. Anhydrite values 

reach 90% at the intensity bin 5. It is common for rock types in this well to have 

anhydrite cement and anhydrite filled vugs. Rock types with anhydrite present and/or 

tight rocks tend to have similar histograms as the anhydrite. 

Once the rock property range of values is determined for each rock type, they are 

plotted in a range graph to determine lithologies. The identified rocks were re-tested in 

random order and the values for each compared to the graphs. A spreadsheet was 

produced where with 11 bins, one for each rock type across the top of the spreadsheet 

listed against each test. For each test an ‘X’ was place under the rock type indicated by 

that test. After all the tests were run for the given sample, the rock type with the most X’s 
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was the assumed identity. The bin with the second most X’s was determined to be the 

second best choice. In certain cases the second best rock type was the correct answer. 

Sequence stratigraphy interpretation is completed to double check the precision of the 

interpretation. 

The procedure used to determine lithologies, identified the correct lithology 80% 

of the time. In certain cases where the first choice was wrong, the combination of the first 

choice and second choice was more diagnostic that looking at the first choice alone. For 

example, if grainstone is the first choice with packstone and peloids as a second choice 

we find the correct rock type is frequently packestone. The second choice was used twice 

and it was only correct once. When the criteria for the second choice were used in place 

of the first choice, the procedure had an 82% success rate. Out of the 11 samples that the 

procedure failed to identify correctly, only 2 affected the accuracy of the sequence 

stratigraphy interpretation of high stand/transgressive systems tract or depositional 

environment. The lithologies that the procedure misinterpreted most often were peloids, 

packstone and wackstone. The textural aspects of these lithologies are very similar, and 

the FMI does not show enough detail to determine between these lithologies consistently. 

All these lithologies are in the same part of the platform, so it does not affect the 

sequence stratigraphy 
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.

 

Figure 5.4 shows the first best peak in yellow, the second best pick in light blue. Any lithofacies pick that is 

incorrect is show in red lettering. Anything’s this incorrect and affects the sequence stratigraphy is shown 

in green. Anything shown in the pinkish red is incorrect but does not affect the sequence stratigraphy. The 

shallowing and deepening of the platform is show by transitioning form light blue to dark. This is also 

indicated by a white arrow that shows the direction of deepening.  

 

Depth 1st best # 1st best Rock 2nd best # 2nd best substution Cores Rock ST

X323 X327 Ooid 12 shoal 1 OO packestone 11 shoal 1 OO shoal Ooid 1

X326 X329 Packestone 12 inner platform 1 PAC

grainstone, 

peloids 10 inner platform 1 PAC inner platform Packestone 3 TST

X330 X333 Peloids 11 inner platform 1 PEL grainstone 10 inner platform 1 PEL inner platform Peloids 1

X334 X336 packestone 12 inner platform 1 PAC peloids 11 inner platform 1 PAC inner platform Peloids 2

X337 X342 Anhydrite 11 N/a 1 AN peloids 9 N/a 1 AN N/a Anhydrite 1

X343 X345 peloids 10 inner platform 1 PEL packestone 8 inner platform 1 PEL inner platform Peloids 3

X346 X349 Peloids 11 inner platform 1 PEL packestone 9 inner platform 1 PEL inner platform Peloids 4

X350 X352 sandy, peloids 11 1 SA grainstone 9 1 SA Sandy 1

X353 X355 Anhydrite 12 N/a 1 AN ooid 5 N/a 1 AN N/a Anhydrite 2 LST

X356 X358 siltstone 11 1 SILT

packestone, ooid, 

wackestone 9 1 SILT Siltstone 1

X359 X364 Ooid 11 shoal 1 OO

packestone, 

peloids 8 shoal 1 OO shoal Ooid 2

X365 X374 siltstone 12 1 SILT

packestone, 

wackestone 11 inner platform 1 SILT Siltstone 2

X376 siltstone 11 1 SILT

wackestone, 

packestone 10 1 SILT Siltstone 3

X377 X383

peloids, 

Grainstone 12 inner platform 1 PEL

packestone, 

wackestone 11 inner platform 2 PAC inner platform Wackestone 1

X383 X391 ooid, Peloids 11 inner platform 1 PEL

wackestone 

packestone 9 inner platform 2 PAC inner platform Packestone 4

X392 X399 packestone 12 inner platform 1 PAC grainstone 9 inner platform 1 PAC inner platform Packestone 7

X399 X437 wackestone 10 inner platform 1 WAC

Grainstone, Ooid, 

Algal 7 inner platform 1 WAC inner platform Wackestone 2 Late HST

X437 X444

Packstone, 

Grainstone, 

Peloids 10 inner platform 1 PAC wackestone 8 inner platform 2 PAC inner platform Packestone 6

X445 X449 wackestone 10 inner platform 1 WAC

packestone, 

peloids 9 inner platform 1 WAC inner platform Wackestone 3

X450 X451 Grainstone 11 shoal 1 GS wackestone 9 shoal 1 GS shoal Grainstone 2

X452 X453

wackestone, 

Grainstone 11 inner platform 1 WAC

peloids, 

packstones 10 inner platform 1 WAC inner platform Wackestone 4

X454 X457 sandy, peloids 11 1 SA packestone, ooid 9 1 SA Sandy 2

X458 X460 wackestone 11 inner platform 1 WAC Packstone 9 inner platform 1 WAC inner platform Wackestone 5

X460 X463

siltstone, 

packestone, 

peloids 11 1 SILT wackestone 10  1 SILT Siltstone 4

X464 X471 pelodis_P 11 inner platform 1 PEL_P peloids 10 inner platform 1 PEL_P inner platform

Peloids_Packest

one 1

X471 X475

packstone, 

wackestone, 

peloids 10 inner platform 1 PAC grainstone 7 inner platform 1 PAC inner platform Wackestone 6
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Figure (5.4 continued) shows the first best peak in yellow, the second best pick in light blue. Any 

lithofacies pick that is incorrect is show in red lettering. Anything’s this incorrect and affects the sequence 

stratigraphy is shown in green. Anything shown in the pinkish red is incorrect but does not affect the 

sequence stratigraphy. The shallowing and deepening of the platform is show by transitioning form light 

blue to dark. This is also indicated by a white arrow that shows the direction of deepening.  

X476 X481 Ooid, Packestone 12 shoal 1 OO siltstone 10 shoal 1 OO shoal Ooid 3

X482 X495 peloids 12 inner platform 1 PEL

wackestone, 

packestone 11 inner platform 1 PEL

Bioclast 

Wackestone 1

X496 X504 Grainstone 12 outer platform 1 GS

peloids, 

wackestone 8 1 GS outter platform Grainstone 3

X505 X506 wackestone 11 inner platform 1 WAC

packestone, 

peloids 8 inner platform 1 WAC inner platform Wackestone 8

X514 X515 wackestone 11 inner platform 1 WAC packestone 8 inner platform 1 WAC inner platform Wackestone 7

X517 X518 Packestone, 12 inner platform 1 PAC ooid 10 inner platform 1 PAC shoal

Bioclast 

Packstone 1 Early HST

X518

Grainstone, 

peloids 11 shoal 1 GS silstone 9 outer platform 1 GS shoal Grainstone 4

X519 X527 Bio Grainstone 10 shoal 1 BIO

ooid, peloids, 

wackestone 7 outer platform 1 BIO shoal

Bioclast 

Grainstone 1

X527 X537 Bio Grainstone 12 shoal 1 BIO

algal, peloids, 

wackestone 8 outer platform 1 BIO shoal

Bioclast 

Grainstone 2

X538 X539

Grainstone, 

packstone, 

peloids, 

wackestone 11 shoal 1 PAC siltstone 10 inner platform 1 PAC inner platform Packestone 2

X540 X544 ooid 12 shoal 1 OO packestone 10 shoal 1 OO shoal Ooid 4  

X545 X557

wackestone, 

packestone 10 inner platform 1 WAC peloids 8 inner platform 1 WAC inner platform Wackestone 9

X558 X566 Peloids 12 inner platform 1 PEL packestone 11 inner platform 1 PEL inner platform Packestone 8

X570 X582 Packstone 11 inner platform 1 PAC

bioclast, ooid 

,peloids 10 inner platform 1 PAC inner platform Packestone 5 TST

X582 X584 Bio Grainstone 12 shoal 1 BIO

grainstone, 

packestone, 

peloids, siltstone 9 shoal 1 BIO shoal

Bioclast 

Grainstone 3

X584 X590 pelodis_P 11 inner platform 1 PEL_P ooid 9 inner platform 1 PEL_P inner platform

Peloids_Packest

one 2

X590 X601

Grainstone, 

Packestone, 

Peloids 11 inner platform 1 PAC ooid 10 inner platform 1 PAC shoal Grainstone 1

X600 X608 Ooid, Packstone 11 shoal 1 OO peloids 10 shoal 1 OO shoal Ooid 5

X610 X621 packstone 12 inner platform 1 PAC

grainstone, 

peloids 10 inner platform 1 PAC inner platform Packestone 9

X610 X621

wackestone, 

packestone, 

peloids 12 inner platform 1 WAC

siltstone, 

bioclast_G 11 inner platform 1 WAC inner platform Wackestone 10

X624 X631 wackestone 11 inner platform 1 WAC packestone 10 inner platform 1 WAC inner platform

Bioclast 

Packstone 2 HST

X630 X640 packestone 11 inner platform 1 PAC peloids 10 inner platform 1 PAC inner platform Packestone 1

X632 X634

Wackestone,Packs

tone, ooid, 

grainstone 10 inner platform 1 PAC peloids 9 inner platform 1 PAC inner platform Wackestone 11

X644 X648 wackestone 12 inner platform 1 WAC peloids 11 inner platform 1 WAC inner platform Wackestone 12

X649 X658 Algal 11 inner platform 1 AL peloids 8 inner platform 1 AL inner platform Algal 1

X659 X665 peloids 12 inner platform 1 PEL packestone 11 inner platform 1 PEL inner platform Packestone 8

X666 X675 wackestone 12 inner platform 1 WAC peloids 11 inner platform 1 WAC inner platform Wackestone 13

X675 X677 Algal 12 inner platform 1 AL wackestone 10 inner platform 1 AL inner platform Algal 2

X679 X684 pelodis_P 11 inner platform 1 PEL_P

ooid, packstone, 

peloids 8 inner platform 1 PEL_P inner platform

Peloids_Packest

one 3
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Figure (5.4 continued) shows the first best peak in yellow, the second best pick in light blue. Any 

lithofacies pick that is incorrect is show in red lettering. Anything’s this incorrect and affects the sequence 

stratigraphy is shown in green. Anything shown in the pinkish red is incorrect but does not affect the 

sequence stratigraphy. The shallowing and deepening of the platform is show by transitioning form light 

blue to dark. This is also indicated by a white arrow that shows the direction of deepening.  

 

5.2 Correlation of Results 

  The next step in developing the process of identifying lithologies is to 

transfer the test calibrated in one well to another well. Carbonate formations, such as the 

Paddock it, can be very difficult to transfer the testing procedure from one well to the 

next due to the complexity of lithologies and porosity. The difficulty of textural analysis 

increases with the formation that has undergone a great deal of diagenesis. Porosity 

greatly affects FMI images, due to the fact that depth of fluid invasion is affected by the 

porosity. If the rock has decent to good porosity, and is not very resistive, then it will be 

very apparent within the image. If the rock is has very poor porosity and is very tightly 

cemented, then the electric pulse cannot penetrate in to the formation. This causes electric 

1st best = 80% 2nd best  Substution= 82%

affects the 

Sequence 

stratigraphy 2nd best chosen = 2

DEEP

affects the 

Sequence 

stratigraphy  2nd best correct= 50%

Wrong lithology 1st best incorrect 11

Second best was 

chosen 2nd best incorrect 10

Wrong but dose 

not affect 

lithology

Total times the wrong 

answers affect sequence 

stratigraphy= 1

SHALLOW

if Grainstone is selection with peloids, packestone, or wackestone then it is packstone
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noise and the FMI loses detail, and the textures are not visible.  This results in a speckled 

look in place of the texture. This can be seen in the following image: 

 

Figure (5.5) shows the difference in textures between the test well and the neighboring well. The 

neighboring has very little to none texture visible. All that is visible is the electrical noise. 

 

 

Test well 

Dynamic Static 

Neighboring Well 

551 ft 

Static Dynamic 
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In the case of our test well that has core, there are two large sections of massive 

anhydrite. Massive Anhydrite, as mentioned previously, is extremely resistive and 

appears white with a speckled texture. This affects the color scheme of the Static log, 

because the anhydrite is much more resistive than that of the surrounding dolostone, 

which causes the scale in the test to vary greatly from the surrounding wells. Variations 

in the color scale are to be expected with FMI, but in most cases the variation is minimal 

and does not greatly affect the testing. The difference in the color scale in the test well as 

compared to the surrounding wells, makes it impossible to correlate the textural analysis 

to the other wells using only the FMI images, and cores are needed. When the histograms 

of our various rock texture were tests from the surrounding wells, the shape of the 

histograms were similar to other wells in the area but those histograms did not looked 

anything like those from the test well with cores. The fact that the shapes of these 

histogram for any given test did repeat in shape within a given area (excluding the test 

well) might mean that with more cores we could calibrate the test so that it could be 

successful in this area. The problem is there are no cores for the neighboring wells, and 

there is not any other method to calibrate the FMI textural tests across the area. The 

following image shows the difference in the overall color scale and texture of the wells in 

the area of study: 
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Figure (5.6) shows the difference in textures between the test wells and neighboring wells. 

 

 

 

 

Test well Neighboring Well 

Static Dynamic Static Dynamic Static Dynamic 
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Chapter VI 

Discussion and Conclusions 

In conclusion, within the cored test well, 55 samples were tested to identify 11 

lithologies based on the textures produced by the microresistivity in the FMI. Six 

successful tests were found to make a procedure that can be used to identify lithologies. 

These tests focused on different attributes of the color range, grain size and roundness to 

identify lithologies. The procedure developed has an 80% success rate in identifying 

lithology and only 1% of the lithologies that were misinterpreted by the procedure affect 

the sequence stratigraphy. In all but one of the cases where the samples were not 

identified correctly, it favored a rock type from a similar depositional environment and 

therefore texturally similar. Overall for the test well, the procedure was considered to be 

successful. The procedure was not transferable to other wells where the FMI logs were 

very different, due to porosity change in the carbonate wells. For this procedure to be 

more successful, additional controls are needed to accurately anticipate the effects that 

porosity change will have on the FMI. If resistivity values were available, this could 

produce a higher success rate for this procedure.  
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Appendix A

Grain Area

Historgrams 

Algal dolo-packestone 

Static Dynamic

 

Figure A.1: Grain Area histograms for Algal Dolo-packstone 
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Anhydrite 

Static Dynamic

Figure A.2: Grain Area histograms for Anhydrite 
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Figure A.3: Grain Area histogram for Bioclast Grainstone 
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Figure A.4: Grain Area histogram for Grainstone 
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Ooid 
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Figure A.5: Grain Area histograms for Ooid. 
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Figure A.6: Grain Area static histograms for Packstones. 
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Dynamic

Figure A.7: Grain Area dynamic histograms for Packstones. 
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Peloids 
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Figure A.8: Grain Area histograms for Peloids. 
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Figure A.9: Grain Area histograms for Peloidal Packestone 
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Siltstone 
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Static

 

Figure A.10: Grain Area histograms for Siltstone. 
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Sandy-Siltstone 
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Figure A.11: Grain Area Histograms for Sandy Siltstone 
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Wackestone 
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Figure A.12: Grain Area dynamic histograms for Wackestone 
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Static

Figure A.13: Grain Area static histograms for Wackestone. 
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Algal dolo-packestone 

Dynamic                                                             Static

 

Figure A.14: Grain rounding histograms for Algal dolo-packestone. 
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 Grain Rounding 
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Figure A.15: Grain rounding histograms for Anhydrite. 
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Figure A.16: Grain rounding histograms for Bioclast Grainstone 
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Figure A.17: Grain rounding histograms for Grainstone. 
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Figure A.18: Grain rounding histograms for Ooid. 
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Figure A.19: Grain rounding histograms for Peloids. 
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Peloidal Packstone 
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Static

Figure A.20: Grain rounding histograms for Peloidal Packestone. 
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Figure A.21: Grain rounding static histograms for Packstone. 
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Figure A.22: Grain rounding dynamic histograms for Packstone. 
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Figure A.23: Grain rounding histograms for Siltstone 
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Figure A.24: Grain rounding histograms for Sandy-siltstone 
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Wackestone 

Static

Figure A.25: Grain rounding static histograms for Wackestone. 
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Dynamic

 

Figure A.26: Grain rounding dynamic histograms for Wackestone. 
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Algal dolo-packstone 

Figure A.27: Intenstiy image histograms for Algal dolo-packstone. 
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Anhydrite 

 

Figure A.28:Intensity image histograms for Anhydrite. 
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Bioclast Grainstone 

 
Figure A.29:Intensity image histograms for Bioclast Grainstone. 
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Grainstone 

  

Figure A.30:Intensity image histograms for Grainstone. 
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Ooid 

 
Figure A.31:Intensity image histograms for Ooid. 
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Peloids 

 
Figure A.32:Intensity image histograms for Peloids. 
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Peloidal Packestone 

 

Figure A.33:Intensity image histograms for Peloidal Packestone. 
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Packstone 

 

Figure A.34:Intensity image histograms for Packstone. 
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Siltstone 

 

Figure A.35:Intensity image histograms for Siltstone 
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Figure A.36:Intensity image histograms for Sandy Siltstone.  
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Wackestone 

 

Figure A.37:Intensity image histograms for Wackestone. 
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Rmlines 
function A=rmlinesn3(ABIG,lentest) 
% rmlines removes the lines from the logs 
% run it by: 
%            
  [X map]=imread(file); 
[a b]=size(X) 
figure(98) 
pcolor(double(X(2000:6000,200:700))) 
shading interp 
figure(99) 
pcolor(double(X(end-6000:end,200:700))) 
shading interp 

  
figure(98) 
starter=input('enter start value: ') 
starter=round(starter+2000); 

  
figure(99) 
stopper=input('enter end value: ') 
stopper=a-(stopper-(6000-stopper)); 

  
ABIG=single(X(starter:stopper,200:700)); 

  
ABIG=double(ABIG); 
[nA,mA]=size(ABIG) 
iA=ceil(nA/250); 
for iAA=1:iA 
    iAA 
    if iAA < iA, 
        A=ABIG(((iAA-1)*250+1):(iAA*250),:); 
    else 
        A=ABIG(((iAA-1)*250+1):nA,:); 
    end 

     
    [i104,j104]=find(A(2:end-1,2:end-1)==104); 
    i104=i104+1; 
    j104=j104+1; 
    k=1; 

     
    for i=1:length(i104) 
        sample=A((i104(i)-k):(i104(i)+k),(j104(i)-k):(j104(i)+k)); 
        sample=double(reshape(sample,9,1)); 
        msamp=mode(sample); 
        if mode(msamp)==0, A(i104(i),j104(i))=0;   end 
    end 

     
    [i124,j124]=find(A(2:end-1,2:end-1)==124); 
    i124=i124+1; 
    j124=j124+1; 

                 Appendix D
 

                                                                                Code
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    k=1; 
    for i=1:length(i124) 
        sample=A((i124(i)-k):(i124(i)+k),(j124(i)-k):(j124(i)+k)); 
        sample=double(reshape(sample,9,1)); 
        msamp=mode(sample); 
        if mode(msamp)==0, A(i124(i),j124(i))=0;   end 
    end      

    [n m]=size(A); 
    f124=find(A(1,:)==124); 
    for i=1:length(f124) 
        if f124(i)<=3 
            sample=double(A(1:3,f124(i):f124(i)+3)); 
        elseif f124(i)>=m-3 
            sample=double(A(1:3,f124(i)-3:f124(i))); 
        else 
            sample=double(A(1:3,f124(i)-2:f124(i)+2)); 
        end 
        msamp=mode(sample); 
        if mode(msamp)==0, A(i124(i),j124(i))=0;   end 
    end 

  
    nzro=find(A(1,:)>0,1)-1; 
    A=A(:,nzro:end); 

  
    [n m]=size(A); 
    nzro=find(fliplr(A(1,:))>0,1)-1; 
    nzro=m-nzro-1; 
    A=A(:,1:nzro); 

  
    [n m]=size(A); 
    fone=find(A(:,m)==0); 
    A(fone,m)=1; 
    fone=find(A(:,m-1)==0); 
    A(fone,m-1)=1; 
    fone=find(A(:,1)==0); 
    A(fone,1)=1; 
    fone=find(A(:,2)==0); 
    A(fone,2)=1; 

     
    [n m]=size(A); 

     
    for i=1:m % get rid of horizontal lines of 124 in as A out as A 
        list124=find(A(:,i)==124); 
        if length(list124) >=1 
            for j=1:length(list124) 
                if list124(j) >= n, 
                    A(list124(j),i)=A((list124(j)-1),i); 
                elseif list124(j) <= 1, 
                    A(list124(j),i)=A((list124(j)+1),i); 
                else 
                    p1=(list124(j)-1); 
                    p2=(list124(j)+1); 
                    test124=min(A(p1:p2,i)); 
                    if test124 == 0, A(list124(j),i)=0; end 
                end 
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            end 
        end 
    end  % get rid of horizontal lines of 124 in as A out as A 

     
    [n m]=size(A); 
    list0=find(A(1,:)==0); 
    jmax=length(list0); 
    test=0; 
    j=1; 
    blist0=fliplr(list0); 

    while test == 0     % gets rid of the verticle lines 
        a=diff(blist0); 
        k9=(find(a<-1.1,1)); 
        blist0; 
        if isempty(k9) == 1 & isempty(blist0) == 0 
            zs=blist0; 
            test=9; 

                     elseif isempty(blist0) == 1 
            test=9; 
        else 
            zs=blist0(j:k9); 
            blist0=blist0(k9+1:end); 
        end          
        test2=0; 
        clear dead 
        dead(1,:)=zs; 
        k=1; 
        gotit=1; 
        while test2 == 0 
            k=k+1; 
            if sum(A(k,zs))==0, 
                dead(k,:)=zs; 
            else 
                range=[(zs(length(zs))-2):(zs(1)+2)]; 
                A(k,range); 
                zst=find(A(k,range)==0)+zs(length(zs))-3; 
                AZ=A(k,zst); 
                zst=fliplr(zst); 
                if length(zst) > length(zs), 
                    zst=zst(1:length(zs)); 
                elseif length(zst) < length(zs), 
                    zs=zs(1:length(zst)); 
                    dead=dead(:,1:length(zs)); 
                end 
                if isempty(zst) ==1 
                    test2=9; 
                    gotit=0; 
                else 
                    zs=zst; 
                    dead(k,:)=zs; 
                end 
            end 
            if k == n, test2=9; end 
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        end 
        if gotit==1 & isempty(dead) ==0 
            dead=fliplr(dead); 
            [nd,md]=size(dead); 
            [n m]=size(A); 
            clear BB 
            for i=1:n 
                dd=dead(i,:); 
                df=diff(dd); 
                idd=find(df>1); 
                if isempty(idd)==0 
                    for ij=1:length(idd) 
                        ijd=idd(ij)+1; 
                        fixd=df(idd(ij))-1; 
                        dd(ijd:end)=dd(ijd:end)-fixd; 
                    end 
                    dead(i,:)=dd; 
                end 
                i1=(dead(i,1)-1); 
                BB(i,1:i1)=A(i,1:i1); 
                i2=dead(i,md)+1; 
                i3=(m-md); 
                BB(i,(i1+1):i3)=A(i,i2:length(A(i,:)));                  
            end 
            A=BB; 
            [nd md]=size(dead); 
            [nb mb]=size(BB); 
            [n m]=size(A); 
            list0=find(A(1,:)==0); 
            jmax=length(list0); 
            blist0=fliplr(list0); 
        else 
            blist0=blist0(2:end); 
        end 
    end  % gets rid of the verticle lines 

     
     
    % 888888888888888888888888888888888888 

     
    BB=A; 
    [n m]=size(BB); 
    BBold=BB; 
    for k=1:2  % get rid of remaining partial lines of zeros 
        BB2=BB; 
        for i=4:m-4 
            list0=find(BB2(:,i)==0); 
            difftest=diff(list0); 
            test1=find(difftest==1); 
            if length(test1) > lentest, 
                for j1=1:length(list0) 
                    j=list0(j1); 
                    if j > 1 & j < n, 
                        BBsample=[BB2(j-1,i-3:i+3) BB2(j,i-3:i+3) 

BB2(j+1,i-3:i+3)]; 
                        BB(j,i)=median(BBsample); 
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                    end 
                end 
            end 
        end 
    end 

     
    [n m]=size(BB) 
    for k=1:2  % get rid of remaining partial lines of zeros 
        BB2=BB; 
        for i=4:m-4 
            modebb=mode(double(BB2(:,i))); 
            list0=find(BB2(:,i)==modebb); 
            difftest=diff(list0); 
            test1=find(difftest==1); 
            if length(test1) > lentest, 
                for j1=1:length(list0) 
                    j=list0(j1); 
                    if j > 1 & j < n, 
                        BBsample=[BB2(j-1,i-3:i+3) BB2(j,i-3:i+3) 

BB2(j+1,i-3:i+3)]; 
                        BB(j,i)=median(BBsample); 
                    end 
                end 
            end 
        end 
    end 

     

     
    A=BB; 

     
    iAA 
    if iAA==1, 
        [junk,refwidth]=size(A); 
        refwidth=floor(.95*refwidth); 
        B_BIG=A(:,1:refwidth); 
    else 
        B_BIG=[B_BIG; A(:,1:refwidth)]; 
    end 
%    pcolor(double(B_BIG)) 
%     hi='hi B-BIG' 
%     shading interp 
%     pause(0.1) 
end 

  
A=B_BIG; 

 

 

Grain Area 

function grainarea3(stone,stonename) 

  
%ex: grainarea3(wackestone,'wackestone') 
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Bn=1 
for istone=1:length(stone) 
    Bn=Bn 
    S=stdfilt(stone(istone).filtered); 
        [BB,CC,BBD,CCD]=rmlines(stone(istone).unfiltered,S,35); 

         
        %figure(1),imshow(BB) 
        I=~BBD; 
    background = imopen(I,strel('disk',15)); 

     
    % Display the Background Approximation as a Surface 
    %figure, surf(double(background(1:8:end,1:8:end))),zlim([0 255]); 
    set(gca,'ydir','reverse'); 
    I2 = I - background; 
    %imshow(I2) 
    I3 = imadjust(I2); 
    %imshow(I3); 
    level = graythresh(I3); 
    bw = im2bw(I3,level); 
    bw = bwareaopen(bw, 50); 
    %imshow(bw) 
    cc = bwconncomp(bw, 4); 
    grain = false(size(bw)); 

     
    labeled = labelmatrix(cc); 
    whos labeled 
    RGB_label = label2rgb(labeled, @spring, 'c', 'shuffle'); 
    %imshow(RGB_label) 
    graindata = regionprops(cc,'basic'); 

     
    stonenamet=[stonename num2str(istone) 'farea']; 

     
    grainhist = [graindata.Area]; 

     

     
    if isempty(grainhist)==0, 

         
        figure(2), 
        subplot(2,1,1) 
        bins=[10:20:500]; 
        hist(grainhist,bins) 
        grid 

         
        a=hist(grainhist,bins); 

  
        subplot(2,1,2) 
        plot([1:length(a)],cumsum((1/sum(a))*a),'g*') 

         
        xlim([0 500]); 
        titl=['Histogram of ' stonenamet ] 
        title(titl); 

         

         

         111
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        save(stonenamet,'grainhist') 
        [r]=histlinesgrainF(stonenamet,stonename,istone,Bn) 
        saveas(2,stonenamet,'fig') 
        saveas(2,stonenamet,'jpg') 

         
        %close(1) 
        close(2) 

         
        S=stdfilt(stone(istone).unfiltered); 
        [BB,CC,BBD,CCD]=rmlines(stone(istone).unfiltered,S,35); 

                 %figure(1),imshow(BB) 

        I=~BBD; 
        background = imopen(I,strel('disk',15)); 

         
        % Display the Background Approximation as a Surface 
        %figure, surf(double(background(1:8:end,1:8:end))),zlim([0 

255]); 
        set(gca,'ydir','reverse'); 
        I2 = I - background; 
        %imshow(I2) 
        I3 = imadjust(I2); 
        %imshow(I3); 
        level = graythresh(I3); 
        bw = im2bw(I3,level); 
        bw = bwareaopen(bw, 50); 
        %imshow(bw) 
        cc = bwconncomp(bw, 4); 
        grain = false(size(bw)); 

         
        labeled = labelmatrix(cc); 
        whos labeled 
        RGB_label = label2rgb(labeled, @spring, 'c', 'shuffle'); 
        %imshow(RGB_label) 
        graindata = regionprops(cc,'basic'); 

         
        stonenamet=[stonename num2str(istone) 'uarea']; 

         
        grainhist = [graindata.Area]; 

         

         

         
        figure(2), 
        subplot(2,1,1) 
        bins=[10:20:500]; 
        hist(grainhist,bins) 
        grid 
        figure(2), 
        subplot(2,1,2) 
        a=hist(grainhist,bins); 
        plot([1:length(a)],cumsum((1/sum(a))*a),'c*') 

         
        xlim([0 500]); 
        titl=['Histogram of ' stonenamet ] 
        title(titl); 
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        save(stonenamet,'grainhist') 
        [r]=histlinesgrainU(stonenamet,stonename,istone,Bn) 
        saveas(2,stonenamet,'fig') 
        saveas(2,stonenamet,'jpg') 

         
        %close(1) 
        close(2) 
    end 
end 

 

Histline grain area 

function [r]=histlinesgrainF(file,stonename,istone,Bn) 
cellL=['ABCDEFGHIJKLMNOPQRSTUVWXYZ']; 
load(file) 

  
grainhist=double(grainhist); 
bins=[10:20:500]; 
bv=hist(grainhist,bins) 
bv=(1/sum(bv))*bv; 
pause(.05) 
figure(4) 
plot([1:length(bv)],bv,'*') 
if isempty(bv)==0, 
    l=mspeaks([1:length(bv)],bv) 
    lenl=length(l(:,1)) 
    for ii=1:lenl 
        if l(ii,1) <=25, 
        p(ii,1)=bins(round(l(ii,1))); 
        p(ii,2)=bv(round(l(ii,1))); 
        end 
    end 
    p(ii+1,1)=bins(length(bv)); 
    p(ii+1,2)=bv(length(bv)); 

     
    b=find(p(:,2)>.025); 
    r=p(:,1) 
    d1=(p(:,2)) 
    h=[d1]; 

     
    cell1=excelBS(Bn); 
    cell2=excelBS(Bn+1); 
    cells1=[cell1 '1:' cell2 num2str(length(h)+1)] 
    % cells2=[cellL(Bn) '2:' cellL(Bn) num2str(length(d1)+1)] 

     
    xlswrite(['Peaksd' stonename 'F.xls'],h,num2str(istone),cells1) 
    xlswrite(['Peaksr' stonename 'F.xls'],r,num2str(istone),cells1) 

     
    close(4) 
else 
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    r=0 
end 
end 

 
function [r]=histlinesgrainU(file,stonename,istone,Bn) 
cellL=['ABCDEFGHIJKLMNOPQRSTUVWXYZ']; 
load(file) 

  
grainhist=double(grainhist); 
bins=[10:20:500]; 
bv=hist(grainhist,bins) 
bv=(1/sum(bv))*bv; 

  
figure(4) 
plot([1:length(bv)],bv,'*') 
pause(0.5) 

  
l=mspeaks([1:length(bv)],bv) 
if isempty(l)==0, 
    lenl=length(l(:,1)) 
    for ii=1:lenl 
        if l(ii,1) <=25, 
            p(ii,1)=bins(round(l(ii,1))); 
            p(ii,2)=bv(round(l(ii,1))); 
        end 
    end 
    p(ii+1,1)=bins(length(bv)); 
    p(ii+1,2)=bv(length(bv)); 

     
    b=find(p(:,2)>.025); 
    r=p(:,1) 
    d1=(p(:,2)) 
    h=[d1] 

     
    cells1=[cellL(Bn) '1:' cellL(Bn+1) num2str(length(h)+1)] 
    % cells2=[cellL(Bn) '2:' cellL(Bn) num2str(length(d1)+1)] 

     
    xlswrite(['Peaksd' stonename 'U.xls'],h,num2str(istone),cells1) 
    xlswrite(['Peaksr' stonename 'U.xls'],r,num2str(istone),cells1) 
    close(4) 
else 
    r=0 
end 
end 
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Grain Rounding 
function [B]=grainrounding3(stone,stonename) 

  
%ex: grainrounding3(wackestone,'wackestone') 
Bn=1 
for istone=1:length(stone) 
    Bn=Bn+1 
    S=stdfilt(stone(istone).filitered); 
    [BB,CC,BBD,CCD]=rmlines(stone(istone).filitered,S,35); 
figure(1),imshow(BB) 
I=~BBD; 

  
bw=im2bw(I); 
% remove all object containing fewer than 30 pixels 
bw = bwareaopen(bw,30); 

  
% fill a gap in the pen's cap 
se = strel('disk',2); 
bw = imclose(bw,se); 

  
% fill any holes, so that regionprops can be used to estimate 
% the area enclosed by each of the boundaries 
bw = imfill(bw,'holes'); 

  
figure(2), imshow(bw) 

  
[B,L] = bwboundaries(bw,'noholes'); 

  
% Display the label matrix and draw each boundary 
imshow(label2rgb(L, @jet, [.5 .5 .5])) 
hold on 
for k = 1:length(B) 
  boundary = B{k}; 
 plot(boundary(:,2), boundary(:,1), 'w', 'LineWidth', 2) 
end 
stats = regionprops(L,'Area','Centroid'); 

  
threshold = 0.94; 

  
% loop over the boundaries 
for k = 1:length(B) 

  
  % obtain (X,Y) boundary coordinates corresponding to label 'k' 
  boundary = B{k}; 

  
  % compute a simple estimate of the object's perimeter 
  delta_sq = diff(boundary).^2; 
  perimeter = sum(sqrt(sum(delta_sq,2))); 

  
  % obtain the area calculation corresponding to label 'k' 
  area = stats(k).Area; 
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  % compute the roundness metric 
  metric = 4*pi*area/perimeter^2; 
  gstone(k).rounding=metric; 
  % display the results 
  metric_string = sprintf('%2.2f',metric); 

  
  % mark objects above the threshold with a black circle 
  if metric > threshold 
    centroid = stats(k).Centroid; 
    plot(centroid(1),centroid(2),'ko'); 
  end 
stonenamet=['rnd' stonename num2str(istone) 'filtered']; 
   titl=[stonenamet] 
  text(boundary(1,2)-35,boundary(1,1)+13,metric_string,'Color','b',... 
       'FontSize',8); 
   title(titl); 
end 

  
 stonenameb=['rnd' stonename num2str(istone) 'Fhis']; 
 stonenamec=['rnd' stonename num2str(istone) 'Fpic']; 
    grainhist = [gstone.rounding]; 
%close(4) 
figure(3),  
subplot(3,1,1) 
titl=['Histogram of ' stonenamet ] 
    title(titl); 
bins=[ 0:.1:1.4]; 
hist(grainhist,bins) 
grid 
xlim([0 1.4]); 
figure(3),  
subplot(3,1,2) 
bins=[0:.2:1.4]; 
hist(grainhist,bins) 
grid 
xlim([0 1.4]); 
figure(3),  
subplot(3,1,3) 
bins=[0:.5:1.4]; 
hist(grainhist,bins) 
grid 

  
xlim([0 1.4]); 

  

  

  

  
titl=['Histogram of ' stonenamet ] 
    title(titl); 
    save(stonenamet,'grainhist') 
    pause(.5) 
    [m,P1,P2,XI,YI]=histlinesF(stonenamet,stonename,istone,Bn) 
saveas(3,stonenameb,'fig') 
saveas(3,stonenameb,'jpg') 
saveas(2,stonenamec,'fig') 
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saveas(2,stonenamec,'jpg') 

  

  

close(1) 
close(2) 
close(3) 

  
S=stdfilt(stone(istone).unfilitered); 
[BB,CC,BBD,CCD]=rmlines(stone(istone).unfilitered,S,35); 
figure(1),imshow(BB) 
I=~BBD; 

  
bw=im2bw(I); 
% remove all object containing fewer than 30 pixels 
bw = bwareaopen(bw,30); 

  
% fill a gap in the pen's cap 
se = strel('disk',2); 
bw = imclose(bw,se); 

  
% fill any holes, so that regionprops can be used to estimate 
% the area enclosed by each of the boundaries 
bw = imfill(bw,'holes'); 

  
figure(2), imshow(bw) 

  
[B,L] = bwboundaries(bw,'noholes'); 

  
% Display the label matrix and draw each boundary 
imshow(label2rgb(L, @jet, [.5 .5 .5])) 
hold on 
for k = 1:length(B) 
  boundary = B{k}; 
  plot(boundary(:,2), boundary(:,1), 'w', 'LineWidth', 2) 
end 
stats = regionprops(L,'Area','Centroid'); 

  
threshold = 0.94; 

  
% loop over the boundaries 
for k = 1:length(B) 

  
  % obtain (X,Y) boundary coordinates corresponding to label 'k' 
  boundary = B{k}; 

  
  % compute a simple estimate of the object's perimeter 
  delta_sq = diff(boundary).^2; 
  perimeter = sum(sqrt(sum(delta_sq,2))); 

  
  % obtain the area calculation corresponding to label 'k' 
  area = stats(k).Area; 

  
  % compute the roundness metric 
  metric = 4*pi*area/perimeter^2; 

117



Texas Tech University, Lauren Crystal Pate, August 2012 

 

  gstone(k).rounding=metric; 
  % display the results 
  metric_string = sprintf('%2.2f',metric); 

  
  % mark objects above the threshold with a black circle 
  if metric > threshold 
    centroid = stats(k).Centroid; 
    plot(centroid(1),centroid(2),'ko'); 
  end 
stonenamet=['rnd' stonename num2str(istone) 'unfiltered']; 
   titl=[stonenamet] 
  text(boundary(1,2)-35,boundary(1,1)+13,metric_string,'Color','b',... 
       'FontSize',8); 
   title(titl); 
end 

  
 stonenameb=['rnd' stonename num2str(istone) 'Uhis']; 
 stonenamec=['rnd' stonename num2str(istone) 'Upic']; 
    grainhist = [gstone.rounding]; 
%close(4) 
figure(3),  
subplot(3,1,1) 
titl=['Histogram of ' stonenamet ] 
    title(titl); 
bins=[ 0:.1:1.4]; 
hist(grainhist,bins) 
grid 
xlim([0 1.4]); 
figure(3),  
subplot(3,1,2) 
bins=[0:.2:1.4]; 
hist(grainhist,bins) 
grid 
xlim([0 1.4]); 
figure(3),  
subplot(3,1,3) 
bins=[0:.5:1.4]; 
hist(grainhist,bins) 
grid 

  
xlim([0 1.4]); 

  

  

  
titl=['Histogram of ' stonenamet ] 
    title(titl); 
    save(stonenamet,'grainhist') 
    pause(.5) 

     
   [m,P1,P2,XI,YI]=histlinesU(stonenamet,stonename,istone,Bn) 

    
saveas(3,stonenameb,'fig') 
saveas(3,stonenameb,'jpg') 
saveas(2,stonenamec,'fig') 
saveas(2,stonenamec,'jpg') 
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close(1) 
close(2) 
close(3) 
end Histline grain rounding 

Histline Dynamic 

 

function [t,P1,P2,XI,YI]=histlinesF(file,stonename,istone,Bn) 
cellL=['ABCDEFGHIJKLMNOPQRSTUVWXYZ'] 
load(file) 

  
grainhist=double(grainhist); 
bins=[0:.1:1.4]; 
bv=hist(grainhist,bins); 
bv=(1/sum(bv))*bv; 
pause(.05) 
figure(4) 
plot(bins,bv,'*') 
stonenamed=['rnd' stonename num2str(istone) 'pfitF']; 
saveas(4,stonenamed,'fig') 
saveas(4,stonenamed,'jpg') 
for i=1:(length(bv)-1), 
    t(i)=(bv(i+1)-bv(i))/(bins(i+1)-bins(i)); 
    binm(i)=(bins(i+1)+bins(i))/2; 
end 
t 

  
binm 

  
% lp1=find(m<0,1)+1; 
lp1=4 
P1=polyfit(bins(1:lp1),bv(1:lp1),1) 
X=[0,1.4] 
Y1=polyval(P1,X) 

  
% lp2=find(fliplr(m)>0,1)+1; 
lp2=4 
P2=polyfit(bins(end-lp2:end-2),bv(end-lp2:end-2),1) 
Y2=polyval(P2,X) 

  
P3=polyfit(bins(lp1:lp2),bv(lp1:lp2),1) 
Y3=polyval(P3,X) 

  
[XI,YI] = polyxpoly(X,Y1,X,Y2) 

  
%m=[binm' m']; 
d1=[t]'; 
d2=[P1,Y1,P2,Y2,P3,Y3]'; 

  
cell3=excelBS(Bn); 
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cell4=excelBS(Bn+1); 
Bn=Bn 
cells1=[cell3 '1:' cell4 num2str(length(d1)+2)] 
cells2=[excelBS(2) num2str(Bn) ':' excelBS(length(d2)+2) num2str(Bn)] 

  
xlswrite(['histlines' stonename 'Fm.xls'],d1',num2str(istone),cells1) 
xlswrite(['histlines' stonename 'Fd.xls'],d2',num2str(istone),cells2) 

  
 

Histline Static 

 

function [t,P1,P2,XI,YI]=histlinesU(file,stonename,istone,Bn) 
cellL=['ABCDEFGHIJKLMNOPQRSTUVWXYZ'] 
load(file) 

  
grainhist=double(grainhist); 
bins=[0:.1:1.4]; 
bv=hist(grainhist,bins); 
bv=(1/sum(bv))*bv; 
figure(4) 
pause(.05) 
plot(bins,bv,'*') 
stonenamed=['rnd' stonename num2str(istone) 'pfitU']; 
saveas(4,stonenamed,'fig') 
saveas(4,stonenamed,'jpg') 

  
for i=1:(length(bv)-1), 
    t(i)=(bv(i+1)-bv(i))/(bins(i+1)-bins(i)); 
    binm(i)=(bins(i+1)+bins(i))/2; 
end 
t 

  
binm 

  
% lp1=find(m<0,1)+1; 
lp1=4; 
P1=polyfit(bins(1:lp1),bv(1:lp1),1) 
X=[0,1.4] 
Y1=polyval(P1,X) 

  
% lp2=find(fliplr(m)>0,1)+1; 
lp2=4; 
P2=polyfit(bins(end-lp2:end-2),bv(end-lp2:end-2),1) 
Y2=polyval(P2,X) 

  
P3=polyfit(bins(lp1:lp2),bv(lp1:lp2),1) 
Y3=polyval(P3,X) 

  

  
[XI,YI] = polyxpoly(X,Y1,X,Y2) 

  
%m=[binm' m']; 
d1=[t]'; 
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d2=[P1,Y1,P2,Y2,P3,Y3]'; 

  
cell3=excelBS(Bn); 
cell4=excelBS(Bn+1); 
cells1=[cell3 '1:' cell4 num2str(length(d1)+2)] 
cells2=[excelBS(2) num2str(Bn) ':' excelBS(length(d2)+2) num2str(Bn)] 

  
xlswrite(['histlines' stonename 'Um.xls'],d1,num2str(istone),cells1) 
xlswrite(['histlines' stonename 'Ud2.xls'],d2',num2str(istone),cells2) 

  

 

 

 
Intensity Image Histogram 

function imagehistogram2(stone,stonename) 

  
%ex: imagehistogram2(wackestone,'wackestone') 

  
for istone=1:length(stone) 

    
figure(1) 
imhist(stone(istone).unfilitered) 
stonenamet=[ stonename num2str(istone) 'unfiltered']; 
   titl=[stonenamet]; 
title(titl) 
stonenameb=['image' stonename num2str(istone) 'Fhis']; 

  

  
saveas(1,stonenameb,'fig') 
saveas(1,stonenameb,'jpg') 
end 
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