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1 abstract

The use of image features greatly improvesthe computational e ciency of subsequeh machine vision tasks by
directing processinge ort to information rich areasof the image. However, the extraction of image featuresis an
intensive processwherethe usual mapping betweenimage data and feature is only approximately de ned. Further,
feature enhancedimagesprovide very little information regarding the reliabilit y of the information they embody.
This results from the application of heuristics during the later stage of feature extraction.

This paper describesan arti cial neural network trained to perform feature detection. The network is “tuned' to
extract a particular feature type. This is achieved using the functional mapping of an existing detection algorithm
oncesystematic errors in this technique were removed. The scaleof the mapping problem is reducedby enhancing
the invariant characteristics of the feature. Only then is a manageablesized network able to perform the mapping
task. The network enablesthe conditional probability of a cornerto be usedin the nal image segmemation.

2 Intro duction

Edgesand corners represert the most commonly used types of image features. This is becauseboth edgesand
corners have di eomorphic equivalenceto real 3D features. That is as dierential features of the image they
correspond directly to equivalent featuresin the world. Edgesonly constrain the location of the feature in one
dimension a restriction which is more commonly known as the aperture problem [1]. The corner feature, however
provides an unambiguous 2D localisation of a point/line object feature in an image.

Algorithms reported to detect corners can broadly be divided into two groups. The rst group require the prior
extraction of an edgestring which is searded for points of high curvature or extrapolatedto nd line intersections
on polygonal models [2]. The larger body of work certres on grey level image analysis and the measuremen of
local gradients and surfacecurvature. A particularly good example of this work is that of Harris and Stephens|[3],
essetially a continuous, circular auto-correlation operation. However this technique is computationally expensive
and requires heuristically selectedparameters.

For any detection algorithm the de nition of a “corner'is unlikely to match the desired measureof a 3D feature
exactly. The fundamental techniquesusedare often derived from corveniert methods of image calculusand not an
exact speci cation of the problem. This leadsto systematic e ects which intro duce inaccuraciesinto the detection
process. It also renders algorithms unreliable as sudh de nitions take no accourt of typical errors in the image
data. Therefore there is a needfor a detection method which can reliably and accurately recover the location of
image corners.

It haslong beenknown that Arti cial Neural Networks (ANN) are useful for functional mapping problems of the
one to one or many to one variety [8]. ANNs are taught this functional mapping by example and therefore the
desiredinput to output relationship can be enforced. Further, the ANN can be trained to presern an output which
approximates to Bayesconditional probabilities, seeappendix A. Thus the ANN hasthe exibilit y to adapt to a
variety of corner de nitions and facilitates the use of principled techniquesin establishing corner locations.

An ANN has beentrained to extract specic cornerswhich lie at the intersection of approximately orthogonal
edgesin calibration grid images. Location probabilities derived from a corrected Harris and Stephensdetector
were usedastarget training outputs. A seriesof transformations were performed on the imageto reducethe scale
of the mapping problem. A MLP was trained and its' detection performance on unseendata compared to the
known location of the vertices. By training the network on real image data it can be madereliable in the presence
of image noise. The trained network estimatesthe probability that the Harris and Stephensdetector would have
located a corner at ead point in the image.

3 The Probabilistic Response Map

The supervised training of a MLP network requiresthe prior de nition of the desired output responsesfor given
input patterns. In this case,a probability map which represerts the likelihood that a corner can be found at the
certre of the corresponding image pixel.



3.1 The Harris and Stephens detector

The corner detector described by Harris and Stephensis a reformulation of the Moravecoperator [4]. In this model
a corneris de ned as a peakin the local auto-correlation patch. Where the Moravec operator is anisotropic, only
discrete shifts of 45 degreesare considered,the Harris and Stephensmodel is continuous. Furthermore, using a
circular Gaussianwindow improvesthe detector's noise characteristic and de nes the scale of the feature to be
detected.
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Figure 1: Corner Location Error Distributions

However, the useof nite sizedauto-correlation window intro ducesa bias betweenthe detected and actual location
of corners. This systematic shift wasdescribed by Wang, [5], who alsoshowved that the error scaledin proportion to
the variance of the Gaussianwindow employed. It is possibleto demonstratethis by comparisonof detected corner
locations to intersecting edges,using a grid image similar to gure 5.7(a). In this image there is an equivalence
between the corners and the intersections of the edges. These edgeshave been detected using a Canny edge
detector [6] with a known location accuracy The distribution of errors betweenthe two is shown in gure 5.1(a)
for a corner detection with a variance scale of one pixel. Repeating the detection with twice the variance yields
the distribution of gure 5.1(b) where the mean of the distributions has doubled in proportion.
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Figure 2: Corner Location Errors After Projection

Having quanti ed this error, it is a simple procedure to re-project the corners to their correct location (the
theoretical location which an auto-correlation window of zero size would have found) as shown in gure 5.2.
Although this processcorrects the shift it results in a approximately 25% increasein the required computation.
Also, asthe variancein gure 5.2 shows, there remain inaccuraciesin the detection produced by geruine error in
the input data.

The probabilistic responsemap is built by blurring ertries in the detected corner location image with this variance.
The required response at ead pixel location is then recovered by integrating the resulting probability density
function over the active pixel region.

4 Training Data

Corners, being spatial featuresrequire support from a local patch of the image. Therefore a 7x7 region of pixels,
certred on the proposedcorner pixel, is usedasinput to the network.

4.1 Dimensional reduction

Standard feed-forward neural networks scalein approximately N3 with the complexity of the mapping problem.
Thereforethe ANN should not be expectedto extract the desiredinvariance properties from the data. Instead this
information is made explicit by various transformations of the image data.



After taking the logarithm of the image and Gaussianblurring, the sum-squared-gradien of the imageis computed
in order to enhancediscortin uous regions. We have already stated the di eomorphic equivalenceof cornersto 3D
featuresin the world. Therefore given it is thesefeatureswe wish to extract, we lose no information by applying
gradient operationsto the image. Gradient information is usedfurther, to align the principle image patch gradients
with the x and y axis. This reducesthe possibleorientations that cornersmay take and therefore reducesthe scale
of the mapping problem. Without these processingstagesthe network would be required to learn all possible
orientations and scalesof cornersvastly increasingthe size of the required architecture.

These stagesare summarisedby the diagram of gure 5.3.
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Figure 3: ProcessingStages

4.2 Data-set reduction

Before being submitted to the training setthe imagedata is ‘thinned' or "clustered'to produce a more manageable,
unbiased set of training examples. A leader clustering algorithm is usedto reduce the image data down to the
minimum set of examplesneededto provide complete coverage of the pattern space. However, the clustering
processa ects the corner to noncorner training ratio and thus the e ectiv e a priori probabilities. If the network
is going to estimate the Bayesconditional probability is it not the casethat this information must be presened?
For Bayesianclassi cation the important result is;

P(cornerjly) P (Ihjcorner)P (corner)
P(noncornerjl,) P (l,jnoncorner)P (noncorner)

(1)

wherel, is the image patch and P (corner) and P (noncorner) are the corner and noncornera priori probabilities
respectively. If the e ectiv e a priori probabilities are modi ed through clustering by a factor

P (comnerjly) P (cornerjly) _ @)
P (noncornerjl,) =~ P(noncornerjl,)’ 1

Therefore, provided at every point in the pattern spacethe ratio of cornersto noncornersis presened, modifying
the a priori probability only scalesthe classi cation decisionthreshold.

It is alsoimportant that exact image characteristics are presened and therefore the image data and probabilistic
responseare not averagedat cluster points. This isimportant if the ANN is to correctly interpolate the conditional
probabilities of cornersonceit is trained.

5 Neural Classier

The corvertional MLP architecture, [7] is employed asthe neural classi er, gure 5.4. The ability of this architec-
ture to perform pattern classi cation can be attributed to its potential to create a speci ¢ nonlinear mapping of
the input into a spacespannedby the hidden nodes.

The traditional bacdk-propagation algorithm has not beenusedto train this network asit requiresthe selection of
seweral parameters for which optimal values cannot be calculated. Instead a conjugate gradient descem method
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Figure 4: MLP Architecture

was employed which e ectiv ely determinesthe value of any parametersat eat step. The details of this technique
are described in [9].

The number of hidden nodes required remains a free parameter. Without knowledge of exactly how the inputs
are to map to the outputs a theoretical value for this cannot be calculated. Providing too few hidden nodeswill
inhibit the networks ability to nd a useful functional mapping of the data. Too many hidden nodes and the
network becomesunnecessarilylarge resulting in extendedtraining times. In fact it hasbeensuggestedthat using
too many hidden nodes can actually have a detrimental e ect on network performance, a problem known as the
bias/variance dilemma, [10].

6 Data visualisation

By visualising the data we gain insight into the complexity of the classi cation problem. Howewver the high-
dimensionality of the data makesdirect visualisation impossible. Instead, the mapping algorithm of Lee [11] was
usedto plot a subsetof the Euclidean disparities between the image vectors, gure 5.5. Graph (a) shows the
distribution of the image data without the preprocessingand graph (b) shows the data distribution after the
preprocessing.The triangular nodesrepresern non-cornerimage vectors and the crossnodesrepresert “corner-like'
vectors, de ned asthose vectorswith a target responsegreater than zero.
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Figure 5: Euclidean Distance Image Maps

Image preprocessinghas reducedthe distribution of the corner nodesinto a single cluster, graph (b). It hasalso
a ected the variation in the non-corner nodes producing a coheren cluster away from the corner nodes. The
circular distribution of non-corner nodesin graph (b) is causedby a systematic e ect of the mapping algorithm.



7 Performance

In order to produce a set of cornerswith a range of opening anglesthe calibration grid image was resampledwith
an aspect ratio of 0.5 theseimageswere separatedinto halves. The upper half of the original image and the lower
half of the ane projected image were then clustered to give 1779 image patch examples, of which 195 had a
required responsegreater than zero.

A seriesof networks with increasingnumbers of hidden nodesweretrained on the clustered grid image data. Each
trained network was applied to an image with “intermediate type' corners;the ane warped 0.75aspect ratio grid
image of gure 5.7(a). The per-pixel error betweenthe network responseand the desiredresponsefor this image
has beenplotted, gure 5.6(a).
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Figure 6: Hidden Node Errors and Location Error Distribution

Using a network with 5 hidden nodes, cornersin the warped grid image of gure 5.7(a) were located by tting
a quadratic function to local peaksin the network responsemap, gure 5.7(b), approximately reconstructing the
original PDF. Comparison of theselocations to intersecting Canny edgesyielded the distribution of gure 5.6(b).

(a) 0.75 Aspect Ratio Grid Image (b) Network Detected Corners

Figure 7: Intermediate Warped Grid Image and Corners

The 5 hidden node grid trained network was then usedto detect cornersin the right cameraimage from a stereo
pair, gure 5.8(a). The only corners this network detects correspond to those similar to cornersin the grid
image, gure 5.8(b). A network with 8 hidden nodes was trained on data extracted from the left houseimage
complemerting gure 5.8(a). When this network was applied to gure 5.9(a) the corners of gure 5.9(b) were
detected.

8 Conclusions

A neural network feature detector is shown to have seweral bene ts over corvertional detection methods based
on techniques of image calculus. The supervised training of the network enablesarbitrary “corner' de nitions

allowing the userto correct or re-de ne corner examples. This has beendemonstrated by “tuning' the network to
one particular type of corner, that of the calibration grid image. The network only nds features of this type as



(a) Right House Image (b) Grid Trained Network Corners

Figure 8: Right Houselmage and Grid Network Corners

(a) Right House Image (b) House Trained Network Corners

Figure 9: Right Houselmage and House Trained Network Corners

demonstrated by gure 5.8(b). Sud is the exibilit y of this approac that a similar architecture has beentrained
to detect edges,[12].

The ability of neural networks to estimate conditional probabilities enablesimage segmemation basedon corner
probabilities as opposedto a geometric threshold.

Extracting the feature invariant properties of scaleand orientation hasa dramatic e ect on the sizeof the network
required when comparedto the direct application of a feed-forward network. Assuming cornersexist at 10di erent
grey-level scalesand may occupy one of 10 discrete orientations we can expect a reduction in network size of the
order of 100. A similar reduction can be expected in the size of the required training set and training time is
reducedby seeral orders of magnitude.

In the absenceof absolute grey-level information the network remains invariant to image noise. It is believed the
network is using the image gradients to assessmage smoothness,rejecting those patcheswith a broad distribution
of gradients.

The computational requiremerts of the neural network detector are currently being analysed. The processing
requirements of the algorithm are believed to be more appropriate to hardware implementation than existing
methods. The algorithm can be formulated into a seriesof convolution processesvhich map well onto the Video
Convolution Processorwhich has beendesignedwithin the group, [13].
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App endix A: Estimation of Bayes Conditional Probabilities

If the network is trained using the least squarescriteria asthe optimisation function;

X
K = (o(ln)  tw)?

n

where o(1,) is the network output with application of input pattern I, and t is the desired output response.
Provided the training data providesa 1-from-K coding of the output, the error measuremay be partitioned across
the K classesaccordingto their conditional probabilities P (Cgjln), thus;

X

X ) )
kK = (O(In) l:nk) P(CkJIn)
n k

Leading to;

X ) X
kK = (o(ln) Eftnjla])” + var(tgjln)

n n

This has separatedthe minimisation function into two componerts wherethe rst part is known asthe bias and
the secondpart known asthe variance. The varianceis purely data dependert and therefore training can minimise
only the bias. Clearly this is a minimum when o(l,) = E[thjln]. In the limit of an in nite number of training
samplesE[tnjln] = P(Ckjln). Under these conditions a network trained with the least squareserror function
will approximate the conditional probability of classi cation. For an extended proof of this theorem the readeris
directed to [14]
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