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Abstract. The CSU Face Identi cation Evaluation System provides standard
face recognition algorithms and standard statistical methods for comparing face
recognition algorithms. The system includes standardized image pre-processing
software, three distinct face recognition algorithms, analysis software to study
algorithm performance, and Unix shell scripts to run standard experiments. All
code is written in ANSI C. The preprocessing code replicates feature of pre-
processing used in the FERET evaluations. The three algorithms provided are
Principle Components Analysis (PCA), a.k.a Eigenfaces, a combined Principle
Components Analysis and Linear Discriminant Analysis algorithm (PCA+LDA),
and aBayesian Intrapersonal/Extrapersonal Classi er (BIC). The PCA+LDA and
BIC agorithms are based upon algorithms used in the FERET study contributed
by the University of Maryland and MIT respectively. There are two analysis. The

rst takes as input a set of probe images, a set of gallery images, and similarity
matrix produced by one of the three algorithms. It generates a Cumulative Match
Curve of recognition rate versus recognition rank. The second analysis tool gen-
erates a sample probability distribution for recognition rate at recognition rank
1, 2, etc. It takes as input multiple images per subject, and uses Monte Carlo
sampling in the space of possible probe and gallery choices. This procedure will,
among other things, add standard error bars to a Cumulative Match Curve. The
System is available through our website and we hope it will be used by others
to rigorously compare novel faceidenti cation agorithmsto standard al gorithms
using a common implementation and known comparison techniques.

1 Introduction

The The System was created to evaluate how well face identi cation systems perform.
In addition to algorithmsfor faceidenti cation, the system includes software to support
statistical analysis techniques that aid in evaluating the performance of faceidenti ca-
tion systems. The current system is designed with identi cation rather than veri cation
inmind. Theidenti cation problemis: given anovel face, nd the most similar images
in agallery of known people/images. Therelated veri cation problemis: given a novel
image of speci ¢ person, con rm whether the person isor is not who they claim to be.

For simplicity sake, the CSU Face Identi cation and Evaluation System will henceforth
be called the System. The System assumes, as did the earlier FERET evaluation[7], that



a face recognition algorithm will  rst compute a similarity measure between images,
and second perform a nearest neighbor match between novel and stored images. When
this is true, the complete behavior of a face identi cation system can be captured in
terms of a similarity matrix. The System will create these similarity matrices and pro-
vides analysistools that utilize them generate cumulative match curves and recognition
rate sample probability distributions. This document describes version 4.0 of the Sys-
tem that is available through our website[2].

2 System Overview

The System functionality can be split into four basic phases: image data preprocessing,
algorithm training, algorithm testing and analysis of results: see Figurel. Preprocessing
reduces unwanted image variation by aligning the face imagery, equalizing the pixel
values, and normalizing the contrast and brightness. The three algorithms in this dis-
tribution have a training phase and a testing phase. The training phase reads training
data and creates a subspace into which test images will be projected and matched. The
testing phase reads the subspace information, projects images into this subspace, and
generates a distance matrix. Typically the testing phase creates a distance matrix for the
union of all images to be used either as probe images or gallery images in the analy-
sis phase. The fourth phase performs analyzes on the distance matrices. This include
computing recognition rates (csuAnalyzeRankCurve), conducting virtual experiments
(csuAnalizePermute), or performing other statistical analysis on the data.

Sections 3 and 4 describe this functionality in greater detail. Before proceeding to dis-
cuss functionality further, there are four data structures commonly used to pass infor-
mation between components of the System. These are imagery, image sets, algorithm
training con gurations, and distances matrices.

21 Imagery

The System was developed using frontal facial images from the FERET data set. Im-
ages are stored in an image e that contains pixel values in a binary oating point
format (Big Endian / Sun byte order). The current system generates .s  les. SFI
stands for Single Float Image. Each image le contains a single line (record) ASCI|
header that contains the format speci er, CSU_RASTER , followed by the column
dimension, followed by the row dimension, followed by the number channels of data.
Theremainder of the le containsraw pixel valuesin row major order. Most images are
single channel, but for multi-channel images the pixel value for channel two follows
directly the pixel value for one, etc. The oating point portion of a single channel SFI

leisidentical to the NIST FERET image format. The only difference is our addition
of aheader. The The System also supportsthis NIST format and identi es such images
witha .nrm suf x.
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Fig. 1. Overview of execution ow for the csuSubspace system, which includes a standard PCA
identi cation algorithm and also a PCA+LDA identi cation agorithm.

2.2 Image Sets

It isimpossible to run experimentswithout rst identifying sets of imagesto be used to
train and test algorithms. This distribution includes many common image lists, includ-
ing thetraining images, gallery images, and four standard probe sets used in the FERET
evaluations. While image lists are always ASCIl les enumerating lenames of image

les, they are used to represent training image sets, test image sets, probe image sets
and gallery image sets. When running experiments, it isimportant to keep track of how
digtinct lists are being used. The actual FERET training, gallery and probe set lists are
available at: http://www.cs.colostate.edu/evalfacerec/data.html

2.3 Training Con guration Files

These les contain subspace basis vectors, associated eigenvalues, along with algo-
rithms speci ¢ meta-data such as an ASCII copy of the command line used to generate
the training data. The training les are a combination of binary and ASCII data: an
ASCII header followed by binary data. Speci cally, the basis vectors are stored as 64
bit oating point values. These lesareinputsto thetesting algorithmsand carry all the
necessary information generated by the algorithm training phase.



2.4 DistanceMatrices

Eachalgorithmproduces distancematrix for all of theimagesin the testinglist. All
algorithmsassumehat smallerdistancesare a closermatch.In mary caseshe base
metricwill yield a similarity score wherehigherscoredndicatemoresimilarity. When
this is the casethe similarity valuesare negatedto producea “distancelike” metric.
Someexamplesof this arethe CorrelationandMahAngledistancemetricsin csuSub-
pace,andthe BayesiarandMaximumLik elihoodMetric in the csuBayesiaicode.

3 Preprocessing

Preprocessings conductedusing the executablecsuPreprocessNormaliz&he exe-
cutableperforms ve stepsn corvertingaPGM FERETimageto anormalizedmage.
The ve stepsaresummarizedn Figure2andan samplenormalizedimageis showvn.
The eye coordinatesarerequiredfor geometricnormalization.Theseare available for
the FERETimagesfrom NIST andareincludedin the System.

Fig. 2. ImageNormalization

Our csuPreprocessNormalizedeaccomplishesary of the sametasksperformedby
codeoriginally written at NIST called“f acetonorm”However, it is notidenticalto the
NIST version.For example,histogramequalizationis doneonly within the unmasled
portionsof theface.Our codeis morerobustandwe recommenadisingit in placeof the
NIST version.

4 Algorithms

Version4.0 of the Systemcomeswith threefaceidenti cation algorithms.Thesealgo-
rithmswherechoserbecausehey arewell known andhadhigh scoresonthe FERET



