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ABSTRACT

This document describes the design and implementafia system created to generate a distance
measurement between any two hardware fastenerg insages of the fasteners. This system is
designed with three major classes of fastenersama:rmachine screws, wood screws, and nails. The
distance metric is designed in such a way thatlitreturn a small distance between objects of¢hme
main classification, but will give a large distarimetween objects of dissimilar classes.

Our system is implemented in Matlab. Analysis bediwg rectifying the image to remove the effects of
our non-ideal camera. After this pre-processingestave simplify the image to allow easy selectibn o
the component objects (individual fasteners). Bmgplification is achieved through value based
thresholding and morphological operations. Objactsselected based on surface area filtering, and
Matlab’s regionprops() function. Finally, the otijg are rotated into a standard orientation. Suppor
offered for multiple fasteners per image.

Feature extraction begins with calculation of thatour function of the object under consideration.
After a contour is calculated, features such ashyiength, threading count, threading density, tip
angle, and more, can be extracted. Also, headdgpde determined from a “head” view of the object.
These features are entered into a feature veétonetric is used to calculate a meaningful distance
between two such feature vectors. Finally, clasaiion is implemented with the aid of Support Vecto
Machines.
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Introduction

This document describes the implementation of a&@igrocessing Design senior capstone project. It
describes in detail how each requirement outlimeithé project proposal was fulfilled and details
extensions to the project scope. The members detra are Eugene Brevdo, Aaron Hatch, and David
Akman.

The project under consideration is the task of canmg assorted fasteners from at least three main
categories: wood screws, machine screws, and i&iésfocus of the project is on the comparisorhef t
objects by a distance metric developed by the tédihmformation used in the similarity measure and
other parts of the project are gathered from in@geessing. The goal of this distance metric is to
produce a similarity measure between any two fasten

We divided the project into seven subprojects Waimplemented in sequence, each time using data
extracted from the previous stages. The first plzgssedata collection. This phase consisted of giattpe
a sampling of various fasteners and taking higHityudigital pictures of them for the training sétext,
we implemented image preprocessing, which includadera calibration and color space conversions.
After image preprocessing, Matlab code was developasimplify the object using thresholding
techniques and morphological operations. Followirggdevelopment of simplification, in the object
selection stage, we developed algorithms to séhecteatures of interest, cut them out of the
background, and rotate them to a standard orientati

After isolating the object and getting it into arstlard format in the previous sub-projects, we béga
develop feature extraction. We developed featuteetton algorithms to calculate various dimensions
and to exact a contour of the object. Based andbintour, we measured properties such as symmetry,
sinusoidal patterns, standard deviation, minimaraagima, first and second moments, and other
properties that allowed us to determine featureb s length and width, the pitch of the threads,
threading density, tip angle, etc. From these featuve built a metric that calculates a distarete/ben
different fasteners and groups them naturally lagraan would.

Finally, for extensions to the original project, wgplemented a hard classification system, radial u
distortion of raw data, and processing of multiplsteners in one image.
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Figure 1 — Data Flow Between Sub-Projects



Design Procedure

Data Collection

We first searched for fastener image databaseseoahd in paper catalogs. Our largest challenge wa
finding a consistent set of images. In many cgsestorealistic renderings or pictures are avaaatil
various hardware catalog sites, but more often timapa single image is used to represent multiple
fasteners. It was impossible to find high-resolugphotographs, especially photographs with comsist
camera position. Finally, none of these imagekided objects, such as rulers, that can be usidieio
size. We finally abandoned this method.

A standardized data collection procedure was nacg$sr satisfactory results. We designed and: lauil
camera rig and imaging environment to hold consgamimber of variables that can arise when
performing data collection. These variables inetud
- Digital camera used for data collection

Camera parameters (including zoom, focus, andipaositith respect to the imaging plane)

Background lighting conditions

Image plane background (color and reflection patarsg

Static target (fasteners are not moving, e.g.n asdonveyer belt system)

For variation in our data set, and due to financoalsiderations, we chose not to purchase a new
fastener toolkit for our data. Instead, we cobeécbld nails and screws from a variety of basements
backyard sheds, and old toolboxes. As a resultcallection includes a common mixture of fasteners
rusted and shiny, plastic and metal, with a varodtigead styles, shapes, and uses. In many cases, w
collected bottheadandfront views: theheadview shows the fastener head while fileat view shows
the fastener body and threading. The used condifieur fastener assortment more closely simulated
the conditions in which a system such as ourk&ylito be used and was seen as a benefit to dhe re
world applicability of our design.

Image Preprocessing

Many of the external variables that cannot be fidadng data collection must be accounted for dyrin
preprocessing. These include intrinsically vaegihrameters, such as fastener properties thaitdo n
aid in fastener comparison. Specifically, we corfer specular reflection (glare) from polished
fastener surfaces, non-uniform lighting conditicensg small camera displacements.

This first set of preprocessing routines includesfbllowing: Conversion from theGB(Red, Green,
Blue) color space to theSV(Hue, Saturation, Value) color space, a histogb@ased method for
background subtraction, and well-chosen croppinddrs. Note that in an industrial environment, the
camera can be fastened in a manner that allowsnatitoborder cropping.

Oftentimes, our later algorithms assume that imagesaken with an ideal camera in an ideal
environment. However, real life cameras do not ehia this way, but distort special placement to an
extent, especially around the borders of the im&ges distortion can cause problems processing and
extracting information from the image. This is esply true for images in which there are multiple
fasteners with some close to the boundary of ttegenor even just a single fastener but which is no
centered. Although not an original requirement,deeided to include handling of these situationaras
extra feature, making it necessary to correctdtgortion.



In the ideal camera model, the fasteners sit plae that is flat and parallel to the camera plahiee
camera does not distort images in a nonlinear nrarBiece our camera is not ideal, software must be
employed to remove the effects of these imperfastioNVe employed a camera calibration package to
both approximate the intrinsic (internal) camerstatition parameters and to rectify (undistort) our
images. Failure to rectify images will cause fasts at the edges to appear curved. The curvilinea
nature of the unrectified images similarly distds&sic fastener dimensions, such as length andhwidt
These effects are especially apparent at the exdfgasimage, where straight lines are transforméal i
arcs with significant curvature.

Image Simplification

After preprocessing, the images in our data set elesely approximate those taken by an ideal camer
This enables the feature extraction algorithmssgume the image represent an ideal image. However,
before we begin the feature extraction portionwfsystem, the image needs to be simplified from an
RGB image to an image that more readily distingesstie targets from the background. We call this
the simplification stage.

Before a fastener can be selected, it first hdietdifferentiated from the background. We choselar
space that enhances the contrast between thedastet the background. The HSV color space is
composed of three components: hue, saturatioralaevAlgorithms using only hue were of limited
value with our data, since analysis of the huetsperof our image revealed that there was a wide
range of hues in the background. Saturation algeegl to be a poor choice to differentiate, sife t
image does not have uniform lighting over the endginrface. Value, however, provides an excellent
means of differentiating our fasteners from thekigagund, since the background has values within a
relatively narrow band that doesn't fully overldyat of the fasteners, and most importantly, isyfull
distinct from the value range of the outer edgethefflattened image of the fastener.

Using value as the basis for differentiation, sienfiiresholding and logic operations can be used to
remove background noise. The resulting black ahilewmage contains a few solid and mostly
connected fields of white representing the fastanera few scattered bits of noise inside the hules
values. Matlab morphological operations can bel tggemove stray noise and completely fill in the
fastener outline, thus further simplifying this &g image.

Object Selection

A single frontal view image may contain multiplestaners, all with different orientations. The “ety
selection” problem is often referred to as segntemtan Computer Vision literature. We experimeahte
with several well-known and recent image segmeartadigorithms. In general, these algorithms aoe to
technically detailed to implement from scratch.ldeis a survey of relevant literature and publicly
available Matlab code for generalized image segatient.

Recent work in segmentation has often revolvedratdhree topics: Active Dynamic Contours
(snakes), Propagating Level Set methods, and Gleggiretic methods such as Normalized Cut and
Min-Cut. Many of these are described in Forsytth Bonce [1].

Snake-based methods usually involve minimizing‘@mergy” of a curve that surrounds an image (to
“hone in” on the different segments). This segradrurve must be solved for numerically, the “hgnin
in” is generally an iterative process that takesiyrsteps to convergence. Snake methods will work
well if given a properly preprocessed image anovad to run for a sufficient amount of time.
Unfortunately, snake algorithms took too long omg®es with our dimensions. Level set methods are



similar to energy minimizing dynamic contours. ¥hequire an iterative approach similar to snake-
based methods and tend to share their slow perfarea

As a direct implementation of dynamic contours wasfeasible, we modified and experimented with a
Matlab implementation by Wasilewski (U. Waterlog).[ Wasilewski has implemented both methods:
level sets and energy minimization using dynamitt@ors. As we have already mentioned, these
algorithms scaled badly for larger images and wenally went on to try other alternatives.

We tried several graph-theoretic algorithms fomsegtation. Unfortunately, some of the more popular
methods, namely the Normalized Cut and the Min-&gorithms, require the solution of the eigenvalue
problem on large dense matrices. These methodslalaot scale well to the image dimensions we
worked with.

Our segmentation algorithm is less general thasemeentioned above in that it makes several
assumptions about the image background and the gizbe individual fasteners. Specifically, our
segmentation relies on good background subtradfwesholding, and noise removal during the Image
Simplification phase. In effect, our algorithm apts a binary “blob” image, tags all white blobs as
possible fasteners, and uses Matlab’s regionprgpsitom to efficiently find the bounding box foaeh
of the blobs.

We empirically accept all blobs of size greatenttiéo of the image pixel area as fasteners, cut tham
from the image, and calculate the orientation ehdastener using owrient minimization algorithm.
Once we know the fastener’s orientation (includimg position of the fastener’s head), we go back to
the original image, cut out a padded version offtiséener, rotate it so the long axis is verticahvhe
head at the top of the image, and cut out a cledime of the fastener.

Feature Extraction

Once we have an image in a standard form, alortgawtell-defined outline of the fastener, it isrthe
possible to analyze its contents. These imagesicomany vital pieces of information that we can
utilize to compare the similarity between two diéfet fasteners. This information varies from the
obvious features, such as the length and widthefdstener, to the moments of the contour image.

The features we extract are all necessary for ¢hveldpment of an accurate similarity measure becaus
each feature portrays an independent propertyeofa$iener. To ensure we obtain information about
the entire fastener, we extract data from botHritvet and head views of the fastener. Informasooh

as length, width, thread pitch, and tip angle d®ioed from the front view; the head type is an
example of a feature extracted from the head viéhese properties are stored in a feature vector.
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Figure 2 — Fastener Blob and Outline

Design Details

Data collection

Our data collection rig is a wooden structure vaitbmm coarse threaded screw at the top for our
camera’s tripod mount. We added a support pelgeaid) to fix the camera at a second point and thus
keep it stationary.

Wooden Frarnr

Standard Backaroul

Cardboard Ba

Figure 3 — Side View, Data Collection Rig
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Figure 4 — Front View, Data Collection Rig

We used a Canon S400 camera for our preliminagy claitection round. The camera configuration
(including external and internal parameters) is/led in Table 1.

Distance from Image Plane ~ 2ft

Orientation Normal

Image Resolution Highest (4AMP, 2272x1704, 180 px/in
Image Format JPEG Ultrafine (Compressed, 100%)
Exposure Time (Shutter Speed)/60 sec

F-Stop 2.8

Compressed bits/px 5.0

Apeture 3.0

Exposure Bias 0.0

Max Apeture 5.0

Light Metering mode Pattern

Flash On (Standard low light conditions)
Focal Length 7.4mm

Optical Zoom None (Minimal zoom)

Table 1 — Canon S400 Data Collection Parameters

We extracted the information above from the EXHidiof one of our images. The main parameters we
had control over were focus distance (focus wathenmaging plane), camera distance to image plane,
flash, and the size and quality of the images.

Image preprocessing

Although not required in the basic proposal, oamealecided to implement a radial un-distortion exyst
as a “bell and whistle”. This addition increades &ccuracy of feature extraction measurements for
fasteners along the outer edges of an image.nsitrcamera parameters were calculated using the
Camera Calibration Toolbox for Matlab (Bouguet,t€ah [3]). The toolbox uses ideas from [4],[5] for
the intrinsic camera model and calibration methdd& printed a checkerboard pattern available from
the following Toolbox help webpage:
http://www.vision.caltech.edu/bouguetj/calib_dooilg/own_calib.html



To take our calibration images, we first focused @amera on the background image plane, and then
positioned the image. Figure 5 contains two of Hurcalibration images. Note that the width and
height of each block was 28mm.

Figure 5 — Image Calibration Checkerboard Patterns

To calibrate, we followed the steps of the Toolliest calibration tutorial. The intrinsic camera
parameters given our specific focus, resolutiomnzoand flash settings are shown in Figure 6, along
with a visualization of the camera image distortion2272x1704 pixel images.

Complete Distortion Model
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Pixel error =[0.7053, 0.649]

Focal Length = (2416.57, 2424.11) +/- [5.556, 5.644]
Principal Point =(1136.85, 843.115) +/- [5.407, 4.337]
Skew =0 +/-0
Radial coefficients = (-0.1405, 0.1025, 0) +/- [0.006047, 0.02299, 0]
Tangential coefficients = (-0.0005555, -0.001362) +/- [0.000435, 0.0005185]

Figure 6 — Canon S400 complete distortion model andtrinsic camera parameters

Fasteners at the center of the image will not biblyi distorted, whereas fasteners near the comirs
have substantial nonlinear distortion. Figure itams two images of a fastener, before and after
rectification.



Figure 7 - Before and After Rectification

Next, all of the images must be rectified (undigd). This step would have been unnecessary if
fasteners are always located near the center bfigage, since distortion near the center is mihima
However, we designed our project to be able to leaoljects located near the corners of the image.
This is useful for cases where there are multipteners in the image, and where the fasteneoidypo
positioned before the snapshot.

We ran into a number of “Out of Memory” errors iralab 6.5 when using the Calibration Toolbox
functionrect.m  on our 2272x1704 images. Specifically, the rezifion function and its support
functionapply_distortion.m both create many temporary variables that causeaneerrors on

a machine running Windows XP with 712MB physicall an5GB virtual memory. We modified these
files, added ‘clear’ statements to reclaim memooyf unused temporary variables, and commented out
code that created unused temporary variables. Mathe temporary variables take up 7-25MB each.
Our changes solved the memory errors.

As each layer (R,G,B) of an image takes severaltagthe process, each image takes 7-10 minutes
processing time total. In the meantime, no otmec@sses may run on the machine. We wrote a batch
script to rectify our initial data set of 50 imag#ss operation took 7 hours. The process fotifyerg

a single JPEG image is shown in Figure 8.
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Figure 8 — Image Rectification Diagram



Rectified images allow us to use l@2rnorm to calculate a pixel-to-distance ratio andigo) ® (X, y)
transform on the image plane.

X: 1966 Y: 415
RGB: 87, 56, 53

X:1940 Y: 1301
RGB: 113, 85, 63

Figure 9 — Calibration Ruler Image A

| |
X: 479 Y: 146 X: 1814 Y: 150
RGB: 115, 80, 50 RGB: 110, 76, 51

Figure 10 — Calibration Ruler Image B

Define a pointp’ =(r’,c¢ ) that we arbitrarily choose to be the center o{:ary) coordinate system.

Note that theX,Y coordinates in Figure 9 and Figure 10 refer totthespose of Matlab’s row/column
plane, (e.g, inthe images =c Y= r).

The necessary transformations are:
R. O
0 -R

Where R. (m/column-pixels) andR, (m/row-pixels) are scaling constants determinethieycamera

Py = (prc - p*): -l:)c(y e (1)

and image size. We call this affine transfoffi. The inverse transformation is easy to calcuaten
equation (1). To calculate the camera scalingtemons, we use pairs of data points from imagesd\ an
B, and the ruler distancds, , as measured (20cm and 29cm for images A and Bectsely).

Choosingp,, = (0,0) for both images, we use:
2
2

D12,2 = H plxy - pzxsz: Tr><(:y pl,rc_ -l;)éy p2rc (2)

e.g., forimage A,
2=R(q - &)+ R(t- 1)’

3
=R%(1966- 1940}+ R (1301 415 ()



A similar calculation for image B provides the sed@quation. Solving these two equations for
R., R, >0, we finally get:

R,=0.000225643608In row px .2256im fow p
R.=0.0002172274123n dol- px .2178m ¢el px
As the rectified images should scale perpendidlitances in equal measure, we expect Raat R;.
Further, we see a very small difference from oleuations, specificallypR =R. - R,=8.3mm p.

Image simplification
After image preprocessing, the data set consisassefies of cropped and rectified images thatatora

single green background against which the fastearers relief. From this starting point, the ireag
needs to be simplified so that the objects of @gecan be extracted later.

Figure 11 — Pre-processed Image

We first decided on a color space in which to doocessing. A number of options were available,
the three most feasible of these were: to worknynsangle RGB layer, or to work in a combination of

the RGB layers, or in an HSV color space. We fiistd working in the red and blue layers of theBRG
image, as the background is green and should natle in these layers. However, as can be seen
from a high contrast image of the background iruredlL2, the diffuse background actually contains a

significant amount of red and blue. This fact e#so be seen in the red and blue layer subplots in
Figure 13.

Figure 12 - Background High Contrast
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We instead chose to work in the HSV space. As shawrigure 13, the hue layer does not provide
enough contrast. The saturation layer has too madde in the background and similarly lacks casitra
The value layer, on the other hand, provides haitrast between background and subject, very little
background noise, and is somewhat resistant taundform lighting. From this point forward all
processing was done in the value layer.

Figure 13 - Layers

To begin simplification, we first subtract the bgobund by setting high and low thresholds that
encapsulate the range of values in the backgroWe then map any pixels above or below these
thresholds into a binary image with background Isixe black and the remaining pixels in white.

The calculation of these thresholds is based onnvages. First, defing,, as the standard deviation

of the value layer of an image of the green baakggoalone. Then, definkl, as the most common
intensity of the value layer of our image (the modléhe binned intensities in our current image).
Finally, let the value layer of the fastener imbgé, (x,y). The high and low thresholds are then
calculated as:
Thigh = MI +3-555(3 (4)
Tlow = MI - 3-598(3 (5)
Finally, the new binary image is calculated as:
o oyy= b NEDSTL O L0 > T, )
0 O.W.
This method works fairly well, as two linear thre&ts on the histogram df, (x, y) allow us to break

up the values into three regions: dark fasteneembackground, and white reflection from the faeste

11
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Figure 14 — Histogram of the value layer a fastendrontal view

| ivesn(X: Y) is shown in Figure 15. Note the background ha&slemoved, the remaining image is a
binary image (mappingc to values of True or False).

Figure 15 — Threshold Subtracted Image

After this simplification, the fastener object sdarout clearly from the background. The fasteseot
solid, and there is a moderate amount of scatteves in the image. Two standard Matlab
morphological operations can be used to rectify $ituation. A majority operation is performed to
eliminate most of the scattered noise, much of wisaccomposed of single pixels. This reduces the
amount of processing that needs to be performed tatdifferentiate the correct object from theseoi
After this majority filter, five dilations fill inthe area surrounding the fastener into a largey. blchis
blob, which fully overlays the fastener, will beedlsin later processing.

12



Figure 16 — Simplified Image

Object Selection

After the simplification stage, the binary imagetaons only a few objects: a number of small “noise
blobs” and a number of large blobs representingab&eners in the original image. The next probiem
the selection of desired fastener objects from ajpiba noise.

The first step in object selection is the use efMatlabbwlabelfunction to return a set of labels that
group contiguous pixels into objects. We use #fawlt bwlabel parameters, which group any pixel on
an adjacent diagonal, row, or column. The resuin added layer to the image with an integer
associated with each pixel and describes the objeghich the pixel is a part.

Once we have this labeled image, we use the Madigibnpropsfunction to calculate the area, centroid
and bounding box properties of each labeled blopp8sel, is the labeled image, we define

regs= regionpropé |," Area' Centroig BoundingBy§ (7)

where regs is a list structure containing the retdrvalues for object areas, centroids, and bogndin
boxes. We sort each blob in order of decreasiag.aRandom noise blobs only make up a small
portion of the total area and are dwarfed by thehmarger objects of interest. Screening out dbjec
with small areas eliminates the remaining noisavileg only the fastener objects. All objects that
comprise less than 1% of the total image areagaared.

After this screening process, we can find the bouqdoxes of the remaining objects from their
BoundingBox property. It is important that our etts always be presented in the same manner, so a
standard orientation must be enforced. We chaséotlowing as the standard orientation for a fednt
view: the long axis of the fastener is along ylexis, the short axis is along theand the fastener head
is at the top. Our orientation algorithm calcusafe the angular offset between the standard coormlinat
axis (x, y) and the true coordinate axis of the fastenerenniage(x’, y"). Thus, if we rotate the image
of the fastener by 7, we align it with our desired axes. We provid#esailed explanation of owarient
algorithm in Appendix A.
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Feature extraction

Once the fastener has been selected and rotagedex step is to extract its features. Any nunuber
features of the fastener can be measured, howesenain features that uniquely describe a fastarger
the length of the fastener, the width, the head tgnd the pitch. Our distance metric makes heaey
of these 4 pieces of data as a core set of featWkesuse a variety of algorithms to extract adl th
necessary components from the image.

First the contour is extracted from the image, tadsformed into the metrig,f) plane. We can then
reparametrize the left and right sides of the conto simplify many of the required calculations.
Specifically, we reparametrizex(t),y(t)> into x_(y) and x;(Yy), the left and right contours

respectively. The side contours are now functiminseight.

Contour as two functions of y(t)
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Figure 17 — Fastener contour asX, (y) and X;(Y)

Length and Width

First, we examine the methods used to determintetiggth and diameter (width) of the fastener.
Length can be determined by simply examining tlygorgorops of the image. We can extract the head
width from the contour using the formwa, . =| x (Y)- %(y)|. We extract the median width by
averaging the medians on the left and right sides; :1/2(med| X(y[|+ med x( )/]. This value

most accurately describes the diameter of the shaft

Threading Count

One of the most important properties of a fasteharhether it has threads or not, and if it dodsatw
the pitch is. After we have simplified our imagesl extracted a contour, threads are clearly @sibl
We can count these threads and determine suchsdesahread count, thread density, thread widtd, a
thread height.

14



Figure 18 - Contour

The original contour, consisting of two functionssdribing the right (green) and left (blue) sidas be
seen in Figure 18. The threads are clearly visiblee first step in extracting this informationtastake
the derivative of this contour with respeciytoAppendix B contains a formula for calculating fimite
differences of a function given nonuniform spaciagg corresponding error analysis. For clarity, we
will only display half of the contour throughoutthest of this explanation, the left half (green\a).
The same operations are performed on both hahatharresults are nearly mirrors of each othere Th
derivative is shown in Figure 19.

Figure 19 - Derivative of X, (Y)

We extract the roots of this derivative; these dbsdocal maxima and minima. The next step ifrtd

the curvature (second derivative) xf(y). This is accomplished through durdcurv2function. We

then match all the zeros of the derivative withrtherresponding curvature. Zeros with a positive
curvature are local minima, while those with negatiurvature are local maxima. Maxima and minima
are then filtered so that only those within oneadtad deviation of the meamposition of the contour

are included. This excludes maxima and minima tieatip and head since they will be ngab or
abovex = m+ s and includes those which comprise the threadsat\&ite left are the points at the top

and bottom of each thread. These are plottedgarEi20 on the original contour, ‘x’s are maximad a
‘0’s are minima.

Figure 20 - Minima and Maxima of Contour
15



From the position of the minima and maxima it igi#d to determine thread width, thread height, and
the inner and outer diameter of the fastener.

Although one could simply count the number of miaiemd maxim to determine a total thread count for
the fastener, this is likely to be inaccurate anes@xtraneous points are likely to be includede Th
number of median crossings provides a more accucatet. DefineM _, as the mediawr value of the

left half of the contour. Counting the numberiofés thatx (y)crossesM_, gives an accurate account
of the number of complete threads in the fastefiéis is illustrated in Figure 21.

Figure 21 - Median Crossing Thread Count

Thread density, which we define as the total nunolbéinreads divided by the total length of the
fastener, can give us an idea of the coarsendbe tiireading and how much of the shaft is threaded
This is a useful measure to add to our featureovect

A systems view of the algorithm for determiningd@lthe features discussed in this section is shiown

Figure 22.
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Figure 22 - Thread Feature Extraction
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Tip Angle

To determine the tip angle we need only to knowethépoint of the contour and a single point that is
within the unthreaded, angled part of the fasteffére endpoint ix(y,,,) and the first 5% of the
contour points are in the s¥t=[y_. ., \%,) . We take the mean &foverY,, m. We then find the first
point (X, y;) wherex touches/m. The tip angle can then be calculated as:

Xs
ys - ymin

g, = tan !

(8)

An example is shown below.

Figure 23 - Tip Angle

Fastener Head Type

An important part of the description of any fasteisdats head type. During data collection we cagd
separate images of the head of each fastener. thesa images we can extract information about the
number of sides the head has. At first we plartnezktract the drive type as well (phillips vs.retard)
and other features. After several attempts tcaekinformation about the drive type, we realizeat t

the head view has a very low SNR. In general, esayf fastener heads were on the order of around
35x35 pixels and had large amounts of spatiallyanamoise (e.g. salt & pepper). Applying correeti
filters (Median, Wiener) removed noise, but alsalmdiscerning the drive type impossible.

One method we did not have time to test, but winehhope may be resilient to such noise, is provided
in Appendix C.

Fastener Head Side Count

We had more success removing noise from the coofiaine head. Our algorithm calculates the
contour, corrects for noise, approximates the nurabsides, and calculates a confidence value.

Let T denote the discrete transform froR,Q) space tor( g) space, and ldtdenote an image of the

head after subtracting the background mean, squteresult, and setting background pixels to.zero
Note that we often have some error when subtrattiedpackground.
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Contour over Image Image in Polar Coordinates

9,

q
Figure 24 — Fastener head ifR,C) space and in(, g) space

After calculating the magnitude of the gradientho$ image and thresholding to remove insignificant
changes in slope, we can find an outer contourfon¢éhe fastener.

Gradient > STDDEV[Gradient]

MW

Figure 25 — Thresholded image with superimposed ctwour line

Note that this contour can be modeled in the falhgamanner:
C(u)=duy+N(y+dyg+U(y 9)

Hereu=kg, gl [0,2p), andul [0,U). C(u)is simply a function of a scaled angll(u) is a
normally distributed random vectod(u) is an offset that depends on the error betweercaaulated
centroid and the true centroid; this value can beeted as a slowly varying sinusoid (e.g., it runs
through one period on the domaingf. U(u) is a noise vector that we cannot model; we musiras

that any non Gaussian noise is low in magnitude.

To account forN(u) , we smootlC(u) with a Gaussian filteG, , with s =:—0; the main support of this

filter is approximately 10% dfl. To decrease the effectsd{fs) without explicitly calculating its
parameters, we introduce what we call localizedmaea

u+L/2

mCu== " o) (10)

L i=u-L/2

If we choosd_=.2U, we can say thatp u( )d u(+) 7, wheremis the mean o€(u) over its entire

domain. Now letC(u) =G, C(y andc(u)=C(u- m(C Y. Thenc(u) approximates the true head
outline with its mean &: c(u) du- m.
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Figure 26 — Steps to approximating the true head cwour

Critical points ofc(u) do not allow for an accurate side count becdu@@ is nonzero and the
derivative operator increases the error incurrethis/noise: more minima and maxima appear than
really exist inc(u). The roots ofc(u), on the other hand, provide a very accurate ctmumulti-faceted
heads (e.g., hexagonal types). In these cBsdise root count, follows the relationshiR=2f, wheref is
the head facet count.

;i\\u_//{ mkw}ﬁm T wmw

Figure 27 — There are 2 Roots (zero crossings) feach head facet

Unfortunately, circular heads also exhibit root<() ; especially when there is a great deal of noise in
the preprocessed contdDfu). This noise also raises the standard deviatid®(o}, so we cannot

discern between circular and faceted heads by congptheir standard deviations. Instead, we
calculate the facet count of the head using a seowethod, and compare the two values. If they are
very close (e.g., within 1 of each other), thengeeerate a high confidence value. If they arecluste,
then we generate a low confidence value and asthahéhe head is circular.

Figure 28 — Circular head with noise, the algorithndetects 4 sides

A second way to approximate the facet count isstoegate a model of what the contour should look lik
if it has a specific number of facets, and to dateethis model with the original contour after si
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reduction. We can also generate this model andha# for this correlation as a function of thedac
count. We used a simple sinusoidal model for traaur:

f 2pu (11)

m( f, u)=cos ———
(f,u) >N

wheref is the number of facets in the contour.

Let the cross-correlation between two contoursefed ask [C,,C,]= C(u+ m C( ¥, and the

cross-correlation squared norm be definek§s,, C,] = ,[C, C]?. Then the optimization

problem we solved was:

maxi K [m(f,u),c(u)
f,=arg ' { } (12)
st f30

If this f, , the optimal facet count, is within 1 of theount from our first algorithm, then the confidenc
in our original count is high. We chose the follog/formula for calculating the confidence:

— o (fy £)?
c, =€~ (13)
Sides: 6, Confidence: 0.999965 Sides: 18, Confidence: 0.000000
Sides: 6, Confidence: 0.773692 Sides: 8, Confidence: 0.030979

Figure 29 — Side count algorithm and associated cfidence values

Feature Vector Creation

Our data analysis, verification, tolerance, andgiféecation analysis is aided by the use of anralgm
we calledextract_datawhich takes as input a text file with a list(&bnt,head)JPG file pairs, and
outputs a large data vector FASTENER_DATA. Fig8@eshows an example input text file:

Figure 30 — Sampleprocess_bothiext file, provides(front,head)image pairs forextract_data
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Note that in some cases, such as with multipleefests, we did not have images of the head view
available. extract_dataakes all these factors into account. Belowpseudo-code implementation of
this high-level function.

ALGORITHM extract_data
INPUT:
D: Directory with cropped & rotated images
L: List of 2-tuples: (front,head) image pairs
OUTPUT:
FASTENER_DATA
If (exists FASTENER_DATA)
Operations will append to current FASTENER_DATA li st

Else
Create new FASTENER_DATA list (length=0)

n=L.length()
state=process_init(background image, base parameter s)
fori=1,2,...,n
fasteners=front_image_process(L{i}.front,state)
k=fasteners.length()

if (k>1 AND L{i}.head NOT NULL)
ERROR: Found multiple fasteners but head view was p rovided
else if (k>1)
forj=1,2,....k
front_features=front_features(fastners{k})
head_features=NaN (Not available)
FASTENER_DATA.append(front_features,head_feature s)
end
else (k==1)
front_features=front_features(fastneners{1})
head_process=head_image_process(L{i}.head,state)
head_features=head_features(head_process)
FASTENER_DATA.append(front_features,head_features )
end if
end for

Note that a number of other items are appendduet& ASTENER _DATA list object, including the
front view images after processing and the filenafe front view. An overview and a set of
diagrams detailing the structure of FASTENER_DATA available in Appendix D.

Distance Calculation

Perhaps the most crucial part of the project igdieance calculation. The feature space of trogept

is a mix of both discrete variables such as hepd &nhd continuous variables such as length ordhrea
density. As such, we have defined a nonlinearimefithin the feature space. We designed this imetr
to separate fasteners of the three main catedoyitge values. Fasteners of the same typemwill i
general have small distances between them.

In addition, our mgtric and feature space needatisfy the following conditions:
1. D(x,y)3 QU % vy
2. D(x,y)=0U »x vy
3. D(xy)=D(y, ¥
4. D(x,y)+D(y, 9 (% 3
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The first and second conditions specify that tveonis should have a similarity distance of zero @ an
only if their feature vectors share the same valdeglain English, two fasteners will have a drste
of zero only if they are in fact the same objeEthe third restriction specifies that the distancsm is
commutative: the order of input cannot affect tistasthce computation.

The fourth restriction, also called the triangleguoality, states that if feature vector x is digfer from
feature vectors y and z, then the distance betwear z is at least the sum of the distances betwee
and vy, y and z. In other words, feature vectoaynot somehow make the distance between x and z
shorter than a “straight line” distance.

Distance Metric

To derive the distance metric, we first soughtiderstand what features clearly segregated oue thre
classes of fasteners. Upon consideration, we foladollowing three sets of major differences that
should be weighted heavily to provide separatidwben classes:

Wood Screws vs. Machine Screws
Wood screws have sharp tips, machine screws hawne tips.
Wood screws have coarse threading, machine sdravesfine threading
Wood screws have a low thread density, machirenschave a high thread density
Wood screws are mostly circular headed, machirens are mostly hex headed.
Wood Screws vs. Nails
Wood screws have threading, nails do not have distea
Wood screws tend to be thicker than nails
Machine Screws vs. Nails
Machine screws have threading, nails do not haneathng.
Machine screws are blunt tipped, nails have stipsp
Machine screws tend to be thicker than nails.

Within each group differences such as length, widttd thread count differentiate between individual

fasteners, but should be weighted much lower tarensvo fasteners of the same class do not have a
high difference value. This information is summad in Figure 31.

%

$
* % %%
* 8

« o %

Figure 31 - Major and Minor Differences
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Given these sets of differences, we decided toyabpl following weights to each feature:

Threading (std of width) 15%
Tip Angle 34.5%
Head Type 10%
Threading Density 23%
Length 10%
Width (at outside of threads) 7.5%

The metric for the distance calculated from eacluie is either a percent difference or an inverse

exponential term. A linear combination of these types of terms constrains the output to a range
between zero and one and allows us to emphasitie saliations in certain features. The full dista
equation is shown below.

We use the following definitions:

s,  standard deviation of the width
g, tipangle
S number of sides of the head

L length
D thread distribution® =n/ L wheren is the thread count)
w,,  outer width

We then define the functions:

_ Ix-%|
D, (X1, %) max(s %, )
2 X~ %ol
D, (%, %) =1- e ™0
2 %~ %ol

Dy(%, %) =1- & ")

Then the distanc®( f,, f,) between two fasteners is:
D = 15D2 (SW,]_ S w,2 )+ 345)14 tip ,10tip 2

+.230,(0,,D,) +10(§ ! =) (14)
+'10D3 (Ll’L2)+ 075)1 WM 1 y\4\/| ,2)

This metric works quite well. Some examples otukdted distances are shown below.
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Figure 32 - Distance Examples

As can be seen in Figure 32, all of the valuesedm®ween zero and one; this is a mathematic proper
of our distance formula, since it is a weightedrage of deltas that are themselves restricted legtwe
zero and one. Objects that are similar, sucha$it pair in the figure above, yield low distanc
values, while very dissimilar objects, such asl#s¢ pair, have a large distance. When run uperitith
range of our first test set, it is clear from Fig@3 that the values produced run nearly the fighable
range. With more fasteners of different typesun ather data sets we are able to get values

approaching one. Values of zero are produced wherparing a fastener to itself, as can be seen from
the diagonal of the matrix.

Figure 33 - Distance Values Matrix
24



Fastener classification

We implemented and successfully validated a mudtsification scheme for differentiating between 4
types of fastenersvood machine nail, andothen using Support Vector Machines and One vs. One
voting methods. This section is composed of amdhiction to the theory behind SVM and One vs.
One multi-classification, a subsection describimg details of our implementation, and finally our
analysis and validation study.

Introduction

Support Vector Machines, and Supervised Learninghifees in general, work in two stages: training
(learning) and classification.

X()
Kernel K

h 4

Figure 34 — Learning Machines in Two Stages

Support Vector Machines are a standard methodldssifying a variety of data sets, and have regentl
become very popular in machine learning and clizssibn due to their inherent ease of use and
flexibility in dealing with nonlinear data sepamati

The basic premise of Support Vector Machines iy basic terms is provided below. We are given a
set of possible functions that take data poiitsthat belong to one of two classed { X 1} (true or

false, red or blue, tree or not tree, etc). Weadse given an initial training set of points and
classification values. We would like to choose filmection which gives us the minimum expected
“empirical risk”[6] in classifying not only the crent points, but also points that will come outlod
future data pool. We can define this risk as:

1 |

N
a1 fx)1 (15)

|c

I1mp

If we know that this set of functions varies withnge set of parametees, then we can redefine our risk
minimization step as:

. 1! i
Ay, =argmin R, @ )=5 ly- &P a)l (16)
i=1
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While we usually only have a limited set xf points, they generally represent a sample of flata
an infinite space. Our risk function, even saparation function and separation parametéix;a)

and a , respectfully, depend on the type of data we @okihg at, and must represent this infinite space
accordingly.

Figure 35 (a) and (b), Gradients of functions in Linear (a) and Nonlinear (b) SVM Classification

Figure 35 (a) shows a set of classification poimt8D. White and black stand for one of the two
classifications. Note that the data is linearlyagable: a line can be drawn between the two siti®ut
any errors and a simple linear function can be gegad based on that line. Points on one side ean b
classified as white, and on the other side as bldtks classification is formally done by taking

sign[ f(x)] (-1 implies the subspace belongs to first classdies the other).

Linear SVM classification witlm dimensional data separates sets of points usiyp@rplane. The
function f(x“;a,b) depends on parameters im and an offset parametér. More specifically, it
has been found these optimal functions have thewaig form [7]:

f(x;a,b)=(w,x)+b = ’ ac <x“),x> +b (17)

=1

Where thex!'s are taken from the training data axds either in the training data or from some
testing data set. The and 6 values can be solved for (optimized for) withairing data set.

Nonlinear SVM classification can be “reduced” todar SVM using Kernel methods. A properly
defined mapping functiori(x) can “untwist” nonlinear data points into a lingeseparable feature

space. Botlf(x) and the related kerndd (x,x'"’) are generally approximated using intrinsic

knowledge about and a physical interpretation efdhta points. A graphical example of the undegyi
principles is shown in Figure 36.
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Figure 36 — Kernel Methods Map Inseparable Data ird a Simpler Form

We found, after comparing classification performamath various kernels, that simple linear SVM on a
14 dimensional feature space (height, width, thregcdetc...) provided the lowest error during data
cross-validation. Specifically, we compared LindaBF (Gaussian), and Polynomial kernels (but we
did not attempt any custom nonlinear functionsihede Linear kernels are defined as the simple inner

product K (x*,x?) :<x1,x2>2, and the mapping function is simpfyx EX.

Support Vector Machines have the limitation thatythre designed to generate a function that
discriminates between only two classes. We mussirighinate among four different classes, and f@ th
we tested several well known classification schenmetuding One vs. One, One vs. Rest, and Multi-
Class SVM. Once again, we chose the method tloaiged the best results during cross-validation:
One vs. One classification [8].

One vs. One (1-vs-1) classification, proposed bgtidaand Tibshirani as Pairwise Coupling [9],
generates a set of binary SVM classification prots@ut of an SVM multi-classification problem.

. m . . . _
Givenm classes, (1-vs-1) construc@sn= ) SVM machines and buildSmboundaries within the
feature space; in our case these boundaries & lin

Implementation

We implemented our classification method usingSR¢DER object-oriented machine learning library,
as developed at the Max Planck Institute for BiadabCybernetics [10]. SPIDER allowed us to very
quickly test a variety of kernels, classificatidgaithms, and multi-classification extensions am o
data. Furthermore, we used SPIDER to validateesults and to calculate the approximate error
incurred in our classification.

Our full dataset consisted of 73 pre-processeeifi@ss in a FASTENER_DATA object. As a number
of these did not haveleadview, our data vectors consisted of the 14 feates¢racted from the front
view. Further, our feature extraction algorithragefd to extract one specific feature for 6 of the
fasteners, and returnedNaN value. We chose to set &laNvalues td). These 6 fasteners were
affected. These values did not affect the clasifbn results, as we found during the validatitug.

We grouped fasteners into one of four classes hy:wveood machine nail, andother. We had 29

fasteners of classood,27 fasteners of claggachineand 16 fasteners of clasail. Note that only one
fastener was classified ather, as seen in Figure 37.
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Figure 37 — Fastener 25, the only fastener classifl asother

The SPIDER classification system takes in trairdatp in 2-matrix-tuple form. The first matrix ia$
the dimension&IxP, and consists dfl rows ofP-dimensional feature vectors. The second matrsx ha
the dimensiondixM, with M-dimensional rows that denote to which classNHeature vectors belong.
A row-set from the 2-tuple might look like the f@lling:

Tl: 0.1088 0.0124 0.0056 0.0008 8.7838 19 .2567 24.0000 0.0051 0.0062 0.0057
0.0013 19.2083 24.7755 220.6689

T,0 11 1 1

Note thatT, for this row implies that the fastener is of tyhea wood screw. Values @f are the
fasteneheight, head width, width median, in.that order.

Validation and Cross-Validation

We ran 4 validation studies. The first 2 classifion studies were taken on all 73 fasteners Wah
values set t@. The last 2 studies were taken on the 67 fassehat did not havBlaN values in their
feature vectors. The two types of validation stsdve ran ard{-Fold cross validation witlK=10 folds
repeatedLO times on randomly chosen subsets of the datal.eade One Outalidation.

K-Fold Cross Validation is a method for deriving an expédcerror calculation when you have a training
set for classification, but want to study its pemi@ance on expected future data sets [11]. Belaw is
pseudo-code algorithm fét-Fold cross validation.

ALGORITHM K-FOLD CROSS VALIDATION:
INPUT:
K: Number of Folds
N: Number of Feature Vectors (all of which haverb€lassified beforehand)
V: The set of Feature Vectors
T: The classification machine

OUTPUT:
m: The mean % error in the expected classificatiater
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s : The standard deviation in the % error of the extpd classification rate

Generate K subsets (S{1}...S{K}) of randomly chosetovs from V. The size of each set S{i} is
approximately N/K

fori=1,2,...,K
Train machine T using the K-1 subsets S{1},...,.58{i+1},...,S{K}
Classify subset S{i} using machine T
Calculate ef{i}:
B=number of feature vectors in S{i} incorrectlagsified
L=total number of feature vectors in S{i}
e{i}=B/L
end for

Calculate m=mean(e{1},e{2},...,e{K})
Calculate s =std(e{1},e{2},...,e{K})

Note that each time we choke10 and repeated the experimdgktimes, we constructed a total of 100
random subsetd_eave One Outross validation is simplg-Fold validation withK=N (e.g., one

feature vector is taken out at a time, the mactsnined with the rest of thé-1 feature vectors, and
the error for each validation is either 100% of 0%)

Average percent error m+/- 3s: 0.087500 +/- 0.010794 Average percent error m+/- 3s: 0.068493 +/- 0.029768
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Figure 38 — (left) K=10 cross-validation study on dta set, (right) Leave One Out Validation Study orData Set
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Awerage percent error m+/- 3s: 0.087500 +/- 0.010794
0.45 . : : : T T T

Percent Error

O 1 1
0 10 20 30 40 50 60 70 80 90 100

Experiment Number

Figure 39 —K=10 cross-validation study on reduced data set with &ures containingNaN removed

Note that the average error in our classificaticimesne is consistently around 8% in all of our stadi
We consider this to be excellent performance, gm@nconstraints. Our data set was very small
compared to most data sets used for classificatioth,contained between 65-73 fasteners at any one
time. One of these fasteners belonged to its dagscand we had no other fasteners similar tMibst

of theK=10 data sets either had no misclassification or oiselassification. Our data was also
incomplete in some cases. While the feature spactined 14 dimensions, a number of these values
were dependent on the others (we had a smallemdiogal size in the actual physical extracted data)
Most of the fasteners were also very small and agegroblems extracting the threading due to naise i
these cases.

Professional and Societal Consideration

Throughout the design and implementation of thggegmt, societal considerations were not ignorece W
were aware that anytime you create a feature didraalgorithm, you are making decisions based
solely on appearance. In the general sense, aojingathat allows automatic discrimination based on
appearance can be used unethically. While ourighgo does not have the capability to make
comparisons of any political or social consequeitds,jmportant to consider these possibilitiesewh
designing automatic recognition systems.

To ensure compliance with all copyright and sofevasage agreements, our team adhered to proper
citation practices. This includes properly citihg scholastic papers used in both algorithm
development and our report. The Matlab toolboxesised, such as the toolkits for rectification and
classification, were also properly cited.

When designing the hardware used to capture thgemaepeatability and reliability were the two

main concerns. To ensure that the data could teensal rapidly and with consistent results a simple
wooden frame was used to mount the camera. Cagtimages without use of zoom alleviated another
reliability concern. This consistency of positiand camera characteristics models closely thetgitua
most desirable in a factory setting, where simpigtandardization, and ease of installation aized.

The economic impact of this project is clear, il wit costs associated with stock loss. According
Home Depot, currently when fasteners are droppeth@floor they are simply placed in the rubbish.
a box breaks open, the entire box is discardedh e ability to sort and classify fasteners it is
possible to eliminate the need to dispose of ebtivees of fasteners when an accident occurs. This
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ability to automatically scan fasteners also hasathility to improve distribution of stock, sindeet
contents of packages can be scanned before shipemsoiring no mistakes are made.

Speed of Processing

The time it takes to process a single image obtefeer is dependent on the amount of noise witten t
image. Large amounts of noise create additionaabjthat must be visited and evaluated to determin
whether or not they are a fastener. This is donleeatost of additional processing time. On average
over our 73 fastener data set, it took betweeraBtb9.5 seconds to extract all of the feature flata a
single image. Once this data has been extractedhifg¢ature vector, the distance calculation takes
negligible amount of time, allowing multiple calatibns per second. In addition, our extra clasaiioan
step takes under a second per data point to tiei®YM and also under a second to classify eanh ite

The pre-processing (rectification) of the data satkee most time out of all the processing. Althotigh
is only performed once, the time spent is signiftcan the order of several hours for 20-25 images.
Although this pre-processing is performed by akinave did not write, this time could be reduced
dramatically through two changes: conversion of\tatlab routines to C code and only rectifying the
parts of the image that will not be cropped from itmage later. The efficiency of the rest of the
processing is already quite high, although theufeaéxtraction algorithm could be improved through
additional routines to quickly eliminate noise fatis with less processing than currently required.

Design Verification

The preprocessing stage was the first stage t@hbffed. The Camera Calibration toolbox, afteidfimy
the camera parameters, calculates the error betiheazorners generated by a forward model of the
checkerboard after image rectification (the model) the corners found by an image processing
algorithm on the original image (the truth). Belmaa plot of these errors for each of the cheabkanth
corners over 15 calibration images. Note thattier values are very small relative to the 2272417
image size. In the preprocessing detailed desgha, we also confirmed the accuracy of the fiedki
images when we noted that the difference betweeR.thnd R, constants was small.

Figure 40 — Reprojection Error (Model — Truth), Units in Pixels

In other processing stages, design flaws only becapparent when an algorithm had to deal with data
it was not designed to process. As a result, lgpailarge heterogeneous dataset helps in findieggth
special cases. Background subtraction may renfevéastener head from image A, while the
alignment algorithm may calculate an erroneousebfiimgle in image B. As the data extraction
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algorithm only requires several seconds to run atléb, we simply processed our entire original data
set (73 images) and inspected the results visu@lppendix E contains a subset of these images, wit
fasteners extracted, oriented, and borders outimeed.

One measure of the robustness of the systemtidétance to noise. Gaussian noise can enteratze d
set from a multitude of real world conditions sashexcess heat around the camera. To test the
tolerance of the algorithm, a pair of fasteners @esmmined over a range of variances of Gaussiaenoi
and the effect on the feature vector was recorddds data was then plotted over the range of naga
for a few of the feature vector components. Asnsho Figure 41, the system is extremely stable with
respect to noise until the variance of the noismbees larger than .0095. Prior to reaching this

threshold value, the data set showed good resdiascseen in the Table 2 below.

Feature Original Valug Mean Value Standard Dey  H%¥0)
Width 0.0082546 0.0081822 1.7737e-004 0.88
Height 0.034298 0.034317 4.6091e-005 .055

Table 2 - Gaussian Noise Error

However, as can be seen in Figure 41, as sooreay$tem hits a certain threshold of noise tolexaiic
cannot produce anything similar to the expecteguut
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Figure 41 - Width, Length, and Error vs. Gaussian Mise

Our next investigation was to see what effect varyhe threshold used to subtract the backgroudd ha
on the extracted feature vectors. To do this,amea sweep of the lower and upper threshold
boundaries. Each of the widths, lengths, and thoeaints was then tested against the original nmedsu
values. When the threshold was varied over a rah@es to 5 standard deviations from the mean, the
output showed that all the error observed was wighiin the original measurement error. Thus, our
algorithm is invariant to the threshold data withifairly large margin, as shown in Appendix F.

Next, the thresholding sweep was attempted on agenthat ordinarily returned improper thread
counts. When the sweep was completed, the datatetsed all produced very similar values for the
thread count of the fastener. Thus, the algoriorks independently from the thresholding valuesrov
a rather large range. From this we concludeddhaoriginal thresholding levels of —3 and 4 stadda
deviations away from the mean was an acceptabtgeraver which to threshold. The threading count
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could not be improved through altered thresholdiimge in most cases it was the quality of the image
that created the error. In many of the threadingrepiresentation cases, the threading was not
discernable even to the human eye.

In conlusion, our algorithm is fairly invariant bmth noise and thresholding error over an acceptabl
range. The major limitation in the testing wasgliyrthe resolution of the images, for large fastene
with well-defined threading; the algorithm was venccessful in picking up the feature values, get f
small fasteners, with minimal separation betweeeatis, it was not as accurate. Accuracy could be
improved through higher resolution images, or inscaigéen closer to the subject material.

Costs

The cost of our project includes both software hadiware. We assume that testing objects can be
obtained free of charge from construction siteslzrdiware stores who need to dispose of these items

anyway.

Line Item Cost and Multipliers Subtotal
Labor $30 x 15hrs/week * 15 weeks * 3 * 2.5 0635
Matlab License $1900 * 3 $5700
Workstations $1500 * 3 $4500
Optimization Toolbox $900 * 3 $2700
Statistics Toolbox $800 * 3 $2400
Signal Processing Toolbox $800 * 3 $2400
Conveyor Belt $1200 $1200
Hi-Res Digital Camera $1000 $1000
Misc. Supplies $500 $500
Camera Mount Supplies $500 $500
Open CV $0 $0

Total $71525

Table 3 — Cost Estimates

The total budget for our project is estimated dit,$25.

Conclusion

The goal of this project was to take any two fastsrirom three main categories and calculate a
distance between them. Comparisons were to be lmasiedages of the fasteners. Our base requirement
was to be able to process images of single fastghewever, we extended the project to be able to
handle multiple fasteners in the same image.

The task of separating the fastener from its bamkgt was accomplished through thresholding
techniques. The background had a known mean atribdison, both well separated from the object of
interest. This allowed simple background subtractmbe performed. Morphological operations and
filtering then gave a clean outline of the fastef@llowing this segmentation, the fastener waateat

to a standard orientation and a contour descrithiegutline of the fastener was generated.

From this outline, a number of features were exéidthrough both traditional and some custom image

recognition techniques and algorithms. After extoacof this data, a feature vector containing the
extracted information was created. The featuressared and included in the feature vector were lengt
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diameter of shaft, width of head, head type, tiglennumber of threads, thread distribution, stathda
deviation of width, and inner and outer threadindtias.

After careful consideration of the differences thetst separated wood screws from machine screws
from nails, it was decided to calculate the distabased on length, shaft diameter, head typentifea
thread distribution, and standard deviation of widthe distance metric was based upon weighted
averages of a mixture of percent differences betvpagameters and negative exponential scales of the
differences. This metric returns a value of zemddentical fasteners and returns a one for fastetihat

are completely unalike. This fulfils the basic sleliable of the project proposal.

The bells and whistles implemented in this progeetimage rectification that fixes radial distontitm
improve accuracy of measurements near the edgas @hages, recognition and processing of multiple
fasteners in the same image, and classificatidasténers through use of Support Vector Machines.

Overall this project requires only a small amounodification to be realistically useable in an
industry setting.
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