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Abstract.

This article introduces a parallel neural netwgpkr@ach implemented over Graphic Processing UGIBL) to
solve a facial recognition problem, which consistgleciding where the face of a person in a ceiiragge is
pointing. The proposed method uses the parallebtiéifles of GPU in order to train and evaluate eunal
network used to solve the abovementioned problem.

The experimental evaluation demonstrates that aifignt reduction on computing times can be oladin
allowing solving large instances in reasonable tiBgeedup greater than 8 is achieved when cordraste a
sequential implementation and classification rafeesior to 85 % is also obtained.

Keywords: Face recognition, Neural Networks, Parallel ComuytGPGPU.

1 Introduction

Face recognition can be described as the abilityetmgnize people given some set of facial charatits.
Nowadays, it has become a popular area of reséadmputer vision and image analysis, mainly beeaue can
find such recognition systems in objects of eveyytife such as cellphones, security systems, lapt®Cs, etc.
[21,22]. Another key element is that the high cotimgu power now available makes these image reciognit
systems possible.

Using an image of a human face, an algorithm ip@sed to evaluate and decide where that face igipgi
Each image is classified into one of four classepaling to the direction where is facing (thosassks are: left,
right, up and straight).

For certain types of problems, artificial neuratwarks (ANN) have proven to be one of the most aife
learning methods [2], built of complex webs of notennected neurons, where each unit takes a nuofbesal-
valued inputs and produces a single real-valuedubtuAlso the Backpropagation algorithm is the mmmnhmonly
used ANN learning technique, which is appropriamedroblems where the target function to be leaiseatkfined
over instances that can be described by a vectoreafiefined features (such as pixel values), &lsddrget function
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output may be discrete-valued, real-valued, orcoreof several real or discrete-valued attribufedditionally the
training examples may contain errors, and fastuatain of the learned function may be required.tAif makes
ANN a good option in image recognition problemssurvey of practical applications of ANNs can berfdwon
[14].

One of the main inconvenient of ANNSs is the timeded to perform the training phase, which geneiallguite
high for complex problems. As the number of hidéeyers and neurons grows, the required time forldéhening
process of the ANN and for the evaluation of a riestance grows exponentially. On the other hane,rétie of
successful classification of new instances increasewell. Note that generally, the more trainingreples the
network is provided, the more effective it will fend the longer it will take too). Therefore iispecial interest to
perform training with a large number of neuronsthe hidden layer and with a significant number rafirting
examples, but with a relatively low training time.

It is interesting to note that every neuron in ekagfer can make their calculations independentlgtbérs in the
same layer. This means that for any given layeallgh computations can take place, and some ghia@ichitecture
could be used to take advantage of this.

Promising [20] work is being made in the area afagal purpose GPU computing, principally in probdewith
parallel nature. GPU implementations allow obtagnsignificant reduction in the execution times @mplex
problems when compared with traditional sequerntigllementations on CPU [9]. Despite the fact GPUsewn
originally designed for the sole purpose of rentpitomputer graphics they have evolved into a génrrpose
computing platform with enough power and flexilyilto make many computationally-intensive applicagi@rform
better than on a CPU [12,13]. This can be explaimgdhe significant disparity between CPUs and GRbih
rises every year. In this work, we propose an délgorthat takes advantage of this parallel architecto obtain an
algorithm that outperforms another that uses aes#tplimplementation.

This work focuses in the field of machine learnihggh performance parallel computing, and usingphies
processing units for general purpose computingt develops an algorithm that significantly imprevihe ANN
training and classification time, as contrastedhwitsequentialgorithm.

The main contributions of this article are thataagtlel face recognition algorithm is obtained tatelops good
classification rates in reasonable execution tinaésp this algorithm can be easily modified to gripe other
features of a human face without changing thosewian times. Furthermore, it demonstrates howGRGPU
platform is a very good option when it is desiredmprove the execution time of a certain problem.

The rest of the paper is organized as follows.i&e@ introduces GPU computing and the CUDA progréng
model, section 3 presents a conceptual framewaR, thection 4 presents related work. Section Ddloires the
proposed solution and provides implementation et section 6 an experimental analysis is mautk fanally,
section 7 presents the work conclusions and futuan.

2 GPU Computing

GPUs were originally designed to exclusively parfahe graphic processing in computers, allowingGeatral
Process Unit (CPU) to concentrate in the remaimiomputations. Nowadays, GPUs have a considerabdye la
computing power, provided by hundreds of processimigs with reasonable fast clock frequencies.him last ten
years, GPUs have been used as a powerful paralidiMare architecture to achieve efficiency in tkecation of
applications.

2.1 GPU Programming and CUDA

Ten years ago, when GPUs were first used to perfpemeral-purpose computation, they were programmed
using low-level mechanism such as the interrupsienvices of the BIOS, or by using graphic APIs sasl©penGL
and DirectX. Later, the programs for GPU were depetl in assembly language for each card modelitaydhad
very limited portability. So, high-level languagesre developed to fully exploit the capabilitiestbé GPUs. In
2007, NVIDIA introduced CUDA [11], a software artditure for managing the GPU as a parallel computin
device without requiring mapping the data and tmputation into a graphic API.

CUDA is based in an extension of the C languagd, iars available for graphic cards GeForce 8 Seard
superior. Three software layers are used in CUDg&otmmunicate with the GPU (see Fig. 1): a low-lehaaidware
driver that performs the CPU-GPU data communicati@enhigh-level API, and a set of libraries suclfCRlBLAS
for linear algebra and CUFFT for Fourier transforms
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Fig. 1. CUDA Architecture

For the CUDA programmer, the GPU is a computingaeable to execute a large number of threadsriallph
A procedure to be executed many times over diftedlata can be isolated in a GPU-function using n&ecution
threads. The function is compiled using a spesifitof instructions and the resulting progrerriel) is loaded in
the GPU. The GPU has its own DRAM, and the datacapeed from it to the RAM of the host (and vicersa
using optimized calls to the CUDA API.

The CUDA architecture is built around a scalablayof multiprocessors, each one with eight sgatacessors,
one multithreading unit, and a shared memory chile multiprocessors are able to create, managegsecilite
parallel threads, with reduced overhead. The tlwead grouped imlocks (with up to 512 threads), which are
executed in a single multiprocessor, and the blacksgrouped igrids. When a CUDA program calls a grid to be
executed in the GPU, each one of the blocks irgtitkis numbered and distributed to an availabldtiprecessor.
The multiprocessor receives a block and splitstkineads inwarps, a set of 32 consecutive threads. Each warp
executes a single instruction at a time, so thé d&fisiency is achieved when the 32 threads inwlaep executes
the same instruction. Each time that a block fiesslits execution, a new block is assigned to thailable
multiprocessor.

The threads access the data using three memorgsspaahared memory used by the threads in the block; the
local memory of the thread; and thgtobal memory of the GPU. Minimizing the access to the slowemuey spaces
(the local memory of the thread and the global ngnaf the GPU) is a very important feature to ahie
efficiency. On the other side, the shared memopfased within the GPU chip, thus it provides adasvay to store
the data.

3 Face Recognition Using Artificial Neural Networksin GPU

3.1 Face Pointing Direction

The face pointing direction problem consists inogrizing where a human face is pointing (up, lafiht and
center) in a certain image. This problem has maagtjral applications such as detecting where &ediis looking
while driving (raising an alarm if the driver felisleep), a computer mouse for impaired people Ithates
according to head movements (i.e. face directien)igital camera software that only takes a pictiirall

individuals are looking at the camera, etc. Traddil methods to solve this problem include ANNSs,[2T,

evolutionary algorithms [15, 16], problem specifieuristics, etc., but in general, sequential imgetations are
used.

3.2  Atrtificial Neural Networks

ANNSs provide a general practical method for leagnieal-valued, discrete-valued, and vector-valugctions
from examples. Several algorithms (suchbaskpropagation) can be used to tune network parameters to Hest fi
training set of input-output pairs. ANNs are robtaserrors in the training data and has been ssfudgsapplied to
problems such as image recognition, speech reéognénd learning robot control strategies [2].

Figure 2 presents the general schema of an ANNreTiBea set ofeurons connected with each other. Each neuron
receives several input data, perform a linear coatimn (resulf) and then produces the result of the neuron, which
is the evaluation of some functid(x) for the valuex = a.
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Fig. 2. Schema of an ANN.

The neurons are grouped in several layers:
« Input layer: receives the problem input
« Hidden layer/s: receives data from other neuroyidally from input layer or from another hidderyés), and

forwards the processed data to the next layernl@ldN, there may be multiple hidden layers with tipé
neurons each.

< Output layer: this layer may contain multiple nens@nd it determines the output of the processing fcertain
problem instance.

Fig. 3 shows a schema for a neuron. First, a lineambination of the neuron input daté¥is(

weights Wi. t € [1,n] and an independent coefficie#it®) is made. Then the output is evaluated at some
well-knownactivation function, to produce the neuron output.

g o=0(net)= 11—

+ e—nat

1
net =Z w;X;
i=0

Fig. 3. Schema of a single neuron in an ANN.

3.3  Face Recognition Using GPGPU

In this article, an ANN is used to solve the faeeagnition problem, trained with the backpropagatidgorithm.
Backpropagation learns the weights for a multilagetwork with a fixed set of units and interconimts, by
applying the gradient descent method to minimize shuared error between the network output valuestiae
target values for these outputs. The learning grobfaced by backpropagation implies searching lerge space
defined by all possible weight values for all nexgoThe backpropagation method applied in this wetichastic
gradient descent version for feedforward netwoikslescribed in Algorithm 1.
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Backpropagation (training_exampled? , Min , Mour , Mhidden )
Each training example is a pair of the fdﬁﬁ:}, whereX is the vector of

network of input values, aridis the vector of target network output valugs.
N s the learning ratéti=n is the number of network inpu8ridden the
number of units in the hidden layer, éhdur the number of output units.
The input unit from unit i into unit j is denotédi , and the weights from
unit i to unit j is denoted;i .
e Create a feed-forward network wiffiin inputs, Mmidden hidden units, and

Mour output units.
« initialize all network weights to small random nueng
» while the termination condition is not met, do

for eact® £} in training_examples,do
{propagate the input forward through the network}

input the instanc& to the network and compute the outfut of every unit

U in the network
{propagate theoesrbackward through the netwo
for each network output urfit , calculate its error teri#i
8y « 0k (1 — 03 )(Ex — 0)
for each hidden unft | calculate its error teri¥x

63 — I‘JE(-]_ - I'Jh} Z wrkié‘k
kecutputs
update each network weigfftit
Wi & Wy + AWji \yhereWsi= N8; X
Algorithm 1. Stochastic gradient descent version of the bagiquation algorithm for feedforward networks.

Algorithm 1 begins by constructing a network witte tdesired number of hidden and output units atidlining all
network weights to small random numbers. Given thisd network structure, the main loop of the aitjon
iterates over the training examples. For eachitrgiexample, it applies the network to the examptemputes the
gradient with respect to the error on this examatel then updates all weights in the network. Bhiglient step is
iterated (using the same training examples multtptees) until the network performs acceptably well. For
evaluating a single instance (not to train the oek)y only the propagation of the input data thitodige network is
made. The presented ANN uses neurons of sigmoa&wyih activation function:
Flx)= %
14+e™ (1)

To solve the face recognition problem in GPU, acHjme version of the backpropagation algorithm was
implemented. The generic schema in Algorithm 1 adapted to execute on a GPU, mainly taking int@aatthe
communication restrictions between the GPU proogssinits. Before calling a function that runs onUGR
function-dependent domain decomposition is appliedjeneral, certain GPU threads are assigneddouta over
certain neurons on the ANN. The domain decompostare always performed to maximize the parallecation,
(i.e. each GPU thread can work independent frorh etleer), and to avoid serializations in the memmeygess. A
detailed description of domain decomposition isspreeed in section 5.2.

Figure 4 presents a schema of the ANN trainingwéhg that the train() function is a concatenatidriumctions
that execute in parallel.
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Fig. 4. ANN training: parallel approach.

4 Related Work

Lopes and Ribeiro [9] presented an analysis of &iNAmplementation executing on GPU, showing how the
training and classification times can be reduceghicantly (ranging from & to 150, depending on the
complexity of the problem). They also conclude tttee GPU scales better than the CPU when handéirgg|
datasets and complex problems. In this work theaatrecognizes two sources of parallelism: th@utstof the
neurons can be computed in parallel, and all thgptes (patterns) on a dataset can be processegeindently. The
parallel ANN takes advantage of parallelism in ttigee training phases (forward, robust learning and
backpropagation). Several problems were tacklgterexperimental analysis, including solviifg = sinf)/x, and
several classification and detection problems saghthe two-spirals problem, the sonar problem,cineertype
problem, the poker hand problem, the ventriculahyghmias problem and face recognition of the Ytdee
database [18], containing 165 gray scale facesemaf)6464 pixels of 15 individuals.

Jang et al. [6] introduced a parallel ANN implensitn using CUDA applied to text recognition on gea.
Processing times up to 5 times faster than a CPpleimentation were obtained. In this work, paraeliis
achieved through computing in parallel all the éineombinations made when some neuron calculagésdbtput,
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and also when the sigmoid function is computed acheneuron. In this case, text detection was padrover
three image sizes (32040, 57k785 and 115215466), always using 30 neurons on the hidden layer

Solving a similar problem, 1zotov et al. [7], usad ANN-based algorithm to recognize handwrittentsligising
a CUDA-based implementation. The training time ioygments were about 6 times less than an algosttenuted
on CPU, and on instance classification there weductions of about 9 times in execution time. Twigrk
represented some ANN features as matrixes andadweintage of the CUBLAS library (a linear algebbaary
over CUDA driver level) for calculating matrix muglications (thus achieving parallelism) using 8-yiay scale
28x28 pixel image instances of handwritten digits fribva public domain MNIST database [19].

Nasse et al. [8] solved the problem of locating divection of a human face in space, using ANN cdBRU.
Parallelization of the solutions was achieved tgtodividing the image into several rectangles, emmputing each
one in parallel. This implementation obtains clfisaiion values up to 11 times faster than an imnmaetation
which runs on CPU, and was trained using 6000 aces and 6000 faces with three different sizes {378,
640x480 and 808600 pixels).

Shufelt and Mitchell [4] solved a similar problemthe one proposed in this work (deciding whethreinzage is
of a certain person or not) by using a sequentiethod. Their proposal was the starting point far pgarallel
solution presented here.

The analysis of the related work allows concludihgt ANN implementations that execute over a GPb ca
obtain very good results when contrasted with a ©Rly implementation. Taking this fact into accquotr
purpose here is to develop an ANN to recognizeagefeatures of a human face in a short perioéhad.tif training
time can be reduced considerably by using par@RU infrastructures, the solution will overcome afi¢che main
disadvantages of traditional ANN implementations.

5 Implementation Details

The proposed parallel implementation applies tleagdin the sequential algorithm by Shufelt and Mitkc[4] for

recognizing if a given picture is of a certain persThus, the method has to be slightly modifiecbbain the
expected solution for the face recognition probléhareover, in the parallel implementation, the ploitisy of

working with a second layer of hidden neurons watuded.

5.1  Software modules

The proposed solution uses five modules, which é@mgnt all functions needed by the algorithm. Flestetrain.cu
contains the main method and is the module thafopes the calls to the other functions. Then, backu
implements the ANN and all the auxiliary functionseded to work with it. The proper interaction bedw the
ANN and the images is solved in imagenet.cu. Thaipwage.cu library is used to work with images impfprmat.
Finally, constants.h contains the entire configarafor the correct execution of the algorithm.

Training is a key element in the algorithm. Thegdéan in Fig. 5 explains the required steps needdthin the
ANN for the entire trainset.

(Create neural network)

Transfer neural netwok and
images to GPU

Transfer to CPU

performance

Fig. 5. ANN training: functional schema.

The GPU architecture is best exploited when perifiogniraining and classification. For example (ség B), when
forwarding from input layer to hidden layer, thergdkel algorithm creates as many blocks as neusesasin the
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hidden layer (each block will work with one neurmm the hidden layer), and each thread in a blo¢koempute
the linear combination of the weight that goeshiat hidden neuron by the data that comes fromnjpetilayer (the
algorithm works with the same number of threadskppeck as input neurons are). Similar levels ofafialism are
achieved in the rest of the functions, obviouslgraing the role of each block and each threadbiloek.

Input Layer Hidden Layer GPU Grid

==

.
.
.

Block m

=

Fig. 6. Parallelism example: forwarding from input layetidden layer.

5.2  Tasks Executed on GPU

Key parameters such as the grid and block size fasettie function invocations performed on GPU afspecial
interest for the overall performance of the aldorit The following functions are called in both tinaining and
evaluation tasks. The functidoad_input_with_image() is called with as many block as rows the image aad,as
many threads per block as columns the image has fifiction loads each image into the neurons efitput layer
for later use (each block loads a row of the imagder that,forward_input_hidden() computes the outputs of the
neurons in the hidden layer, using the data froenitiput layer. It is called with as many blockstlas number of
hidden neurons in the network and as many threaddlpck as the GPU allows (1024 in our case). Hdobk
computes the output of one neuron on the hiddearjayhich is the linear combination performed byesal
threads (see Section 2). The functforward_hidden() works like the previous function, obtaining thetut of the
hidden layer. Nextioad_output() loads the expected output of the ANN for a ceriaiage. It is invoked with one
block with one thread because of its simplicity.

The functionevaluate performance() computes the error of an image and checks if thpud of the ANN
matches the expected one. It is called with onelblgith one thread, due to the small processindopmed. The
functions bpnn_output_error() and bpnn_hidden_error() are used to compute the error in the output addem
layer, respectively. The first one is called withedblock and with as many threads per block asubutpurons the
ANN has. The second one with as many blocks ashigdurons are and with as many threads per bbokitput
neurons are. The functidopnn_adjust weights hidden() adjust the weights from the hidden layer to thépou
layer. It is called with as many blocks as outpetinons are, and with as many threads per blockuatber of
hidden neurons are plus one. For each block, itstslthe weights that go from hidden neurons (asyraa threads)
to output neurons. Finallygpnn_adjust_weights input() adjusts weights that go from input layer to outiayer. It
works like the previous function, with the diffecenthat the number of threads must be larger, @tigetnumber of
neurons the input layer has.

5.3 Other GPU considerations

Throughout the provided implementation, all conttarave their type defined. This implementationisien was
made because a precision loss was detected whéormigig conversions (e.g. double to float), affegtithe
numerical efficacy of the proposed algorithm. Siate€GPU memory must be contiguous, static strestare used,
because when transferring data from CPU to GPUctliaMemcpy function copies only contiguous memory
directions. Moreover, the CPU stack size had terdarged to 512 MB in order to allow storing ¥220 images or
larger.

In addition, certain implementation decisions wéaken to improve the final performance of the pgmb
algorithm. First, it was decided to use shared mgritocertain GPU kernels, to hide the latency lobgl memory
access. Another element to take into account tsniost threads running on GPU performed severaltaions, in
order to avoid the limit for the number of threguky block in the execution platform (1024 in CUDAntpute
capabilities 2.0).
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A weakness of the implementation is that heaviljeseon the used hardware (especially with the agmp
capabilities of the graphics card). This will impaa the number of threads per block that can bated and in the
use of certain CUDA functions (i.e. use of HiemicAdd function with data of float type).

6 Experimental Analysis

This section reports the results obtained whenyapplthe parallel GPU implementations of the faaénting
direction problem for a set of problem instancesc@mparative analysis with a sequential implemémats
performed, and the obtained speedups (the qudirmieen execution time in the sequential implemgmtaand
execution time in the parallel implementation) also reported.

6.1 Development and Execution Platform

The GPU algorithm was developed on an AMD AthloiX8 445 processor at 3.10 GHz, with 6 GB DDR3 RAM
memory at 1333 MHz, a MSI 880GM-E41 motherboard, afseForce GTS 450 GPU with 1 GB of RAM.

The experimental analysis of the proposed algorigx®cutions was carried out on two platforms. \@lmh
experiments using small-sized images were perforomethe development platform, using a 500 GB SAT#isk
with RAID 0 running Ubuntu Linux 11.10 64 bits Edit.

The limited computing power of the development fplaih did not allow taking full advantage of the aitel
features proposed by the algorithm. Thus, a morepcehensive set of experiment including large insagere
performed in a more powerful platform, thescution platform, consisting in a Core i7-2600 processor at 3.4 GH
processor with 16 GB DDR3 RAM memory, with FedoBa6Y bits Edition operating system, and a GeFort¥ G
480 GPU with 1536 MB of RAM.

6.2 Problem Instances

Both sets of problem instances used for trainind aassification were obtained from the work by fettuand

Mitchell [4]. These are images of different peojialifferent poses. For each person and posenthgeé comes in
three sizes: 3230 pixels, 6460 and 128120 pixels. There are about 620 images, which aidedl in three sets,
one for the network training and the other two teasure its effectiveness (trainlist and testlespectively). Also,
a scaling of the images was performed in orderagycout executions with larger images to contthasise

executions with the previous ones. The scalingpeaformed in two sizes: 25840 and 512480.

This variety of instance types (different imageesjzallows to take advantage of the GPU platfornth®s
maximum because for instances of small size (233 pixels, 6460 pixels) both platforms perform similarly,
while for images of larger sizes a clear differetegween the two platforms begins to notice. Thignainly
because the GPU platform has much more processiitg than the CPU (yet at a lower speed), so if ynan
calculations at once are required, there will beenavailable computing resources in GPU than in CPU

6.3  Results and Discussion

To validate the algorithm it was considered that ithte of correctly classified images for new ins&s should be
greater than 80% and the speedup gain over thesgalalgorithm should be at least 2.

All values shown below correspond to algorithm exems with a training set consisting of 277 imagtegining
set) and two test sets of 139 and 208 images riégplgc(trainl set and train2 set). In first insten training over
the ANN is made with every image in the training,lthen performance is evaluated using images fesmset 1
and 2 (this concludes a cycle). This is perform&@ fimes (100 epochs) to complete an executionecythe
presented values correspond to the average of &usan cycles with an ANN with 100 neurons in thidden
layer.

Solution Quality

Since the proposed parallel implementation does modify the algorithmic behavior of the sequential
implementation, the obtained results with the GRiglementation are nearly the same than those autaiith the
sequential version for all the studied instanceabl@ 2 and table 4 show correctly classified instan(in
percentage) for both sequential and parallel algariand the learning rate and momentum constaatsibre used.
Classification rates close to 80% are achievedrfages of 512480 pixels in both development and execution
platform. For the development platform best resatts obtained with images of 820 pixels where classification
rate close to 93% is obtained as for the execytiatform classification rate close to 92% is achivor both
32x30 and 6460 and 128120 pixel images.
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Execution Times

This subsection reports and discussed the exediti@nand performance results for the GPU impleat#n of the
proposed algorithm. All execution times reported tire averages and its correspondent standardtidevielues,
computed in 50 independent execution of the pdmaii@rithm for each scenario.

Validation experiments on the development platform. Table 1 reports the execution times (in secorids)the
sequential and parallel implementations of the ridigm and the values of the speedup metric, indiéreclopment
platform. Table 2 shows the classification ratesivied for both the sequential and parallel impletaton, and the
corresponding constants used for learning ratenaentum.

Table 1. Execution times (in seconds) in the developmesutfgrm

image size sequential parallel speedup
32x30 51.94 £ 0.57 56.22 £0.02 0.92
64%60 47438 +18.90 147.54+0.61 3.21

128x120 3665.99 £21.60 667.41+2.26 5.49
256x240 16103.48 +80.41 3174.47 +1.84 5.07
512x480 67114.06 + 132.66 14760.04 + 1.55 4.54

Table 2. Correctly classified instances in the developmdatfgrm

image size sequential parallel learning rate momentum

32x30 93.16% 92.91% 0.30 0.30
64x60 88.60% 88.83% 0.30 0.30
128x120 87.63% 86.79% 0.30 0.30
256%240 86.44% 86.56% 0.10 0.20
512x480 79.11% 79.80% 0.03 0.20

Experimental analysis on the execution platform. Table 3 reports the execution times for both satjal and parallel
implementation, as well as the speedup obtaineaperiments performed in the execution platformbl&a shows
the classification rates obtained for each impletaton and the corresponding constants used fonilegarate and
momentum.

Table 3. Execution times (in seconds) in the executionfptat

image size sequential parallel speedup
32x30 19.56 £ 0.24 34.29 +0.14 0.57
64x60 111.06 £2.94 61.69 +0.85 1.8
128x120 502.54 +7.95 224.09 +0.08 2.24

256x240 8633.87 £17.09 1019.13 +£0.15 8.47
512x480 34540.95 + 24.65 4777.90 +0.53 7.23

Table 4. Correctly classified instances in the executionfpien

image size sequential sequential learning rate momentum

32x30 92.07% 91.96% 0.30 0.30
64x60 92.20% 91.84% 0.30 0.30
128x120 87.16% 91.35% 0.30 0.30
256x240 86.55% 86.55% 0.10 0.20
512x480 80.31% 78.63% 0.03 0.20

Speedup comparison. Fig. 7 summarizes the acceleration when usindPl @nplementation, contrasted with using
a sequential implementation in CPU, for the diffégrenage sizes and platforms used in the experiah@malysis.
The speedup evaluates the quotient between the execution difibe sequential implementation and the execution
time in the parallel implementation in GPU.
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Odevelopment platform

Eexecution platform

speedup

RN
32x30 Bdxa0 128x120 256x240 512x480

image size
Fig. 7. Speedup comparison.

The speedup values in Fig. 7 indicate that the destleration is obtained for images with dimens66x240
pixels, where the algorithm reaches the computatuéifies of the graphic card. The results in Tableand 3
indicate that significant improvements on the exiecutimes are obtained when using the parallesioer of the
algorithm with images of size 880 or larger. When solving images of sizex3@, the GPU implementation was
unable to outperform the execution times of the @mRly implementation, mainly due to the overheatoiduced
by thread creation and management and the useeoG#U memory. However, when solving larger problem
instances, significant improvements in executiones are achieved, especially for images of sizex2%® pixels,
where a speedup of 8.47 is obtained.

The previous results indicate that the parallellem@ntation of the face recognition algorithm exemion GPU
provides significant reductions on the executiomes over a traditional sequential implementationCRU,
especially when large images are processed.

7 Conclusions and Future Work

ANNSs have proven to be suitable for solving mangl reorld problems. However, the large executionesm
required in the training phase sometimes excludéNé&lffom being an option when using large datasetshen
solving complex problems.

Nowadays, parallel computing on GPUs allows achigvimportant performance improvements over CPU
implementations. In this article, a parallel GPdasithm was proposed for solving the face recognifproblem
using ANNs.

The parallel GPU algorithm was designed and impigeee to take advantage of the specific feature& )
infrastructures, in order to provide an accuraté afficient solution to both the training processng the well-
known backpropagation algorithm, and the face reitimg problem itself.

The overall parallel strategy used is based on nthrgads running on GPU, each one working with s#ve
neurons, and trying to maintain the threads aspedéent as possible. Every kernel function wasgtesi to take
advantage of the execution platform, optimized Ibtain the best performance (e.g. some kernels ssigreed to
perform more than one neuron calculations to avoé overhead of thread creation). Also, shared memas
exploited in order to avoid global memory accessray.

The experimental analysis demonstrates that theallphralgorithm in GPU allowed obtaining signifidan
improvements in the execution times when comparid avtraditional sequential implementation. Speedalues
up t08.47 were obtained when solving problem instances withges of 258240 pixels, and 7.23 for images of
512x480 pixels. These results confirm that to tatteantage of the GPU computing power, the algorghould be
used to process images of considerable sizes.

The main contributions of this article include agiel face recognition algorithm in GPU that ideabo obtain
accurate classification rates in reasonable ex@ttitnes. The algorithm can be easily modifiedegoognize other
features of a human face, without significant clesnig the expected execution times.

The research reported in this article demonstithigsthe GPGPU platform is a very good option teespup the
resolution of complex problems. Furthermore, thsuits indicate how the growing technological eviolutof
graphic cards helps to tackle more complex clasgifin problems using ANNSs, which can be solvedueately
and in reduced execution times.

The main lines for future work include further imping the computational efficiency of the preseraégbrithm
and tackling other classification/image procesgimgblems using ANNs implemented on GPU. Regardiegfirst
line of work, improved execution time results caa bbtaining by adjusting the parameters of eachndter
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invocation, to avoid problems such as thread dimecg or better use of the GPU resources (i.e. dhmegnory) for
larger images. Also, some algorithm constants (asiomentum andlearning rate) could be auto-tuned by the
algorithm to obtain the best classification ratepassible. Regarding the second line, it will bepecial interest to
implement GPU algorithms to recognize generic fiestof people images, such as skin color, if ithasylasses or
not, etc., configurable at run time.
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