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This project’s goal was to implement a é¢uaetwork based face detector as outlined inghser:
Rowley, H., Baluja, S., and Kanade, T., "Neuraliiek-Based Face Detection”, Proc. IEEE Conf. on
Computer Vision and Pattern Recognition, San FemagiCA, pp. 203-207. 199%here is a newer version of
the paper with better figurdgere< http://www.vision.caltech.edu/CNS179/papers/Kie88.pdf >. The
authors of the paper have set up a egelh demao< http://demo.pittpatt.com/ > that allows anyooeipload a
picture and try out their detector.

Overview

This project seeks to detect upright hufaaes in grayscale images with the help of a nenaabork.
The retinally connected neural network (NN) exagsismall windows in the image and outputs a contide
factor corresponding to whether or not it thinks tindow contains a face. Heuristics are then tsetean
up the output of the network. This algorithm i¢ real-time as it can take up to an hour to anaguman a
moderately sized an image. | created my NN detéctMatlab using it's NNtoolbox. | followed theaper
pretty closely; however my implementation only ugeldN with only 1 layer of hidden nodes. The papszd
multiple networks with multiple hidden layers. Mgtwork achieved a face detection rate of 41.3%zafadse
positive rate of 0.00044%. These percentages aoh hower than the paper's, therefore, there areeso
parameters of the algorithm that can still be oz#d.

Training Procedure

1. Gather a database of face images. ingue from theYale <
http://cvc.yale.edu/projects/yalefaces/yalefaces.btandCalTech< http://www.vision.caltech.edu/html-
files/archive.html > databases. The faces nede topright and be 20x20 pixels in size (with appt8xpixels
between the centers of the eyes). The point hglfvesween the center of the eyes and the uppshbpld be
in the center of the image. The paper then crebiacthages from each face by mirroring, rotatireglisg, and

translating. | only mirrored each face. | endpdnith 624 face images’g 5@

2. Pre-process the faces to eliminate dggheng variation. This involves masking the gers, fitting a
linear function to the data, and equalizing. Thacpss is shown below.
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3. Create 1000 images of random noise pptydhe same pre-processing to these as \ﬁl% %

4. Train the network to classify faces amndl non-faces as -1. The network architecturdoeaseen
below.
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Note that the 4 upper hidden nodes eaahaaky a 10x10 quadrant of the input window asrthmgut.
The middle 16 hidden nodes each take only a 5x& pegion. And the bottom nodes take a 5x20 pixel
horizontal slice of the window. Because Matlabsipet allow the inputs of a NN to be differentaldto do an
ugly and expensive hack. The entire image wasded inputs, then the unwanted parts of the imagee
masked out of the input weights. This masking d@se after each iteration of training. This prdigab
considerably slowed the network down. | was esagntarrying around 9000 network weights for mason.
(Only 1527 weights mattered).

5. Run the network on images that are kntaweontain no faces. | used CalTedwskground database
http://www.vision.caltech.edu/html-files/archiventit> for this. Note that the network must be rumadl pixel
locations in an image pyramid where the imageseaed by a factor of 1.2. The query window misb &e
put through the same pre-processing as the traimages. Save the false positives to add to tihefaces
training set. Go to step 4. This process of neitng with false positives is called bootstrapping.

Notes on my Training

| went through these steps a few timestan@rds the end, the false positives began loogretty face-

like. | ended up with 6219 non-face imag‘.,i.':.E-!E'J?\L

This is one instance where | didn’t follthve paper. | observed that if | train with theienset of non-
faces, the network learns to classify everything asn-face. This is possibly because there amasty more
non-faces than faces. The network training findeasy local minima by classifying everything as klis
possible that this may only be an issue for théqdar training algorithm | used. | needed to ssaled
conjugate gradient backpropagation (trainscg) atst# the usual Levenberg-Marquardt backpropagation
(trainlm). This was due to the large memory regumients of LM backprop.



| avoided this sub-optima by choosing alksubset of the non-faces to use every trainiagation. |
randomly choose non-faces to achieve a 50/50 oafiaces to non-faces. Once | gathered enoughfanmm-
examples, | trained a new network from scratch w@B00 epochs. 10000 epochs did better than 500,
50000 seemed to overfit. The only downside | ats training the network in this manner is slower
convergence. Here are some output graphs afteiniga
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Histogram of the classified training images Histogram of the classified training images
(only non-faces). (only faces).

Testing Procedure

Testing involves running the network onrgvgixel location of the image pyramid and recogiwhen the
output of the network is above a threshold. Theepaised 0 as a threshold, but my algorithm findg t@o
many false positives at this value. | used a tiokesof 0.8 for all my test runs which seemed tzegyood
balance between face detection and false positivesn examination of the histogram below, it migaeém
odd that a value closer to 0.5 was not choseneathtbshold. This is because the number of window
evaluations over the entire image is so high thatfalse positive rate must be very low. Howewgy,results



indicate that a lower threshold would have beerebeial.

Both face and non-face histograms plotted together
for comparison

After the matches in the image have beandpsome post-processing can significantly redineenumber
of false positives and merge overlapping predigiomhis is the output of a typical run:

Note that the colors of the boxes repreenbutput of the NN. With red being the strotdase
prediction at roughly 1.4, and blue being the weaké0.8. This image illustrates the 2 heuridtieg can be
used to clean up the face predictions. The fiesiristic is that real faces have multiple matchEs.take
advantage of this, the locations of the matcheSsgmeead out” and added together yielding an imdgethis:



The peak of every hill in this image becartiee location of a new face prediction box. Tiesv box will
have the average size of the boxes close to itaanmhfidence weight corresponding to the heighhefhill.
Note: the paper computed the centroid of these imla window to determine the center, while | usiid
climbing. The output of this agglomeration phasshown below.

The next heuristic that can be appliethad faces rarely overlap in an image. When oveitapboxes are
detected, the higher confidence weight box is kdtis produces the final output:



On a funny side note, the “alien” in thisage with perhaps the most un-humanlike appeai@stoally
received the highest face confidence!

Results

| used a completely different set of imatgegest my network than was used for trainingiseéd theCMU-
VASC datasek http://vasc.ri.cmu.edu/idb/html/face/frontal_iges/index.html > just like the paper. Because |
didn’t have enough time to run the network on theére database, | only ran it on the images shaowfigure 3
of the paper, plus a few extras. This allows adgmpaalitative comparison as seen below. My resuksn the
left column, and the paper's results are in thiet Gglumn.
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These are the extra images that | tested Witlan't have the paper's results on these images.



| counted the missed faces and false detedhe testing images for comparison with thegpapn the
table below, my network is compared against theepssingle networks with heuristics.

System Detect RateFalse Detect Rate
('\g r;1iegl\(/ll\lc(e):lknodes, 1527 connections) 41.3% 1/227580
(P~”>aZpﬁir(lisolgﬁt\rllvgdrEsl, 2905 connections) 90.9 % 1798459
(P7a8pﬁir(lllsdgﬁt\rllvgdﬂc(esz, 4357 connections) 89.5% 17115576
(P~”>aZpﬁir(lisolgﬁt\rllv§dﬂés 2905 connections) 89.5% 1785230
Paper's network 4 90.7 % L] 78992

(78 hidden nodes, 4357 connections)

Analysis and Conclusion

Because both my detect rate and false dettrare much lower than the paper's, it is gagay that | ran
my network with too high of a threshold. The otfeators that probably hurt my performance inclode
network having fewer hidden nodes and a smallaritrg set. Taking this into consideration, | thimky
network compared well to the paper's networkse#ims neural networks can provide good face desgcto
however their speed needs to be improved. Mathiit®olbox made it easy to work with images and the
network, except for its input limitations that fectme to use more inputs than needed. This sg\&osved

down the network.



