Is High Resolution Representation More Effective
for Content Based Image Classification?

Liang Chen
Computer Science Program, University of Northern Britistiutnbia,
Prince George, B.C., Canada V2N 479
E-mail: Ichen@ieee.org
Naoyuki Tokuda

SunFlare Company, Shinjuku Hirose Bldg, Yotsuya 4-7, Sfkinjku,

Tokyo, Japan 160-0004

Email: tokudan@sunflare.co.jp

Abstract— This paper shows by a mathematical model that, for global features, we consider a simple model where a neural

image classification / recognition purposes, high resoluth pic- network is used to determine the classification of an object /
tures have lower recognition rate than relatively lower reslution image

pictures. The analysis is based on the matching approach by a
simple neural network, but we believe that the conclusion rmains

valid even when the classification process involves compdited We suppose the high resolution images are of s§|ze”
matching schemes such as principal component analysis and¥ hereafter. A neural network used for such a classifica-

Gabor transforms. tion/recognition problem is usually a multi-layer neuratn
Index Terms— content based image classification, face recogni- work with I x w inputs, some (more or Ies_,s) hldden n.euronS'
tion, image processing, stability, vision and scene undemnding, and one or several outputs. We have no interest in discussing

perceptual reasoning, similarity measures the internal structure of a neural network in this papersthu
we represent a neural network as figure 1. We expect that,
although it may finally generate some errors, the outputi(s) o
. INTRODUCTION the neural network with any input array** should agree

Current technique has made 5 million to 7 million pixeWith, or output directly, the label of the object that the up
cameras affordable to non-professional users. It is beyoWdensity array represents.
the authors knowledge to know if it is the best choice

for professional photographers to take pictures with heghe While the choices of high/low resolution representatiohs o

resolution digital cameras; it is known that human subjec@ image usually come from the qua_lllty or sett_mg of digital
gneras, low resolution representation of an image can be
{
t

can recognize human faces even from very coarse and IR ; R i S
ained from a high resolution image by firstly partitiagin

quality images, from distances, and under degraded viewiRg2 . . . : .
conditions [1], [2], [3], [4]. It is believed that low resdion image into equal sized windows and then merging the pixel

images may be processed in a more general or holistic manWeFaCh window into one pixel of which the intensily is the

[5]. If computing technique can well simulate human sub;'ectaver"_"ged v_alue of all the pixel in the window. Eor convenenc
discussion, we assume the low resolution images are

there is no reason to believe that, for face recognition af

general content based image retrieval purposes, extrarggly 3 tglnet?‘_from hlght_resotlrl].ltmn.lmages ?y above calculggon.
resolution representations have any advantage. Whiledgak nder this assumption, nere Is a one-fo-one correspordenc

further into consideration the computation and storagescosbetween a pixel in the low resolution representation of an

relatively low resolution representations should be thet pdMage and a vymdow of pixel in the original high resq_lgtlon
choice. representation image. The neural network for the classifica

. . of low resolution images will be the same as that for high

Recent experiments of appearance-based matching ap-—, .. ~~. . .
. I, olution images, except that the input array is smaller.

proaches in human face recognition seem to have shown tha

high resolution pictures have actually lower recognitiater  \we will study the stabilities of the neural network approach

than relatively lower resolution pictures[6], [7]. The pose o the classification of images with high resolution repres
of this paper is to develop a mathematical model to show Wi\tions and low resolution representations.

the recognition / classification performances for reldgivew

resolution pictures are better that those for high resmiuti The rest of the paper is constructed as follows: We intro-

pictures. We will show that the matching algorithm work bestuce the basic terms used in Section II. The main theorems

on intermediate resolution representations. regarding stability are given in Section Ill. The result igly
While there are many appearance-based matching g@pevided in Section IV, with experimental verification ofeth

proaches that have been developed for content based patteeory. The discussion and further work are given in Section

classifications which take an object / image as a vector of



of the neural network on input array/** is:
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B. Training Data

We assume that we have a very large and perfect data set for
training purposes so that it covers all the possible sibuati
Ideally, there ar@'*™ samples, and the label of each sample
follows the following equation:

N+N, |f in’j Z O,
i,j 1
H—H, if in,j < 0; ( )
(2%

Fig. 1. Neural Network for Image Classification

Il. BASIC MODELS AND ASSUMPTION

A. Bi-label classification problem description I—

We assume the images are bitmap (black-white) image,
where the value of each pixel can be either “1” or “0”,
representing “black” or “white”, and suppose the class llabe/herez; ; is an element of array'*™. Notice that we should
setL = {"+", -"}. always suppose that we do not know whether the training data

1. For the convenience of discussion, we only considerfellows Equation 1. We denote this sample &t
bi-label bitmap image classification problem. But note th/e shall use all the date i for the training of the Neural
the following derivation can also be generalizedtb-label Network. A sample of the training date should be in the form
classification problems fo/ > 2. Each of the original of (x'**;x); wherex can be either+1, or —1, representing
images is represented by ax w = N (I andw being very the label forx'* is "+”, or "-” respectively.
large integers) array of pixel. The value of a cell, is eithér ~ As we have a large and perfect data set described above,
or -1, which representblack or white 1. We are to classify we can prove the following Lemma:
an image into one of the two clusteBlack and White by Lemma 1:
counting the+1-pixels and—1-pixels. 1. The neural network can be trained perfectly so that the
2. Let a and 3 denote the percentages afl-pixels and accuracy on the training data détis 100%.

—1-pixels in the absence of noise; we have- 3 = 1. In the 2. After the neural network has been trained perfectly, sl t
absence of noise, the image will be classifiedbkekimage, weights of the connections; ; > 0.

so that we havé > a > 3> 0. 3. Suppose, after the neural network has been trained
As we suppose we are using high resolution images, li.e.perfectly, the sum of|l x w/2| largest weights of the
and w are very large integers, we could regard(and 5) connections isS,,, and the sum of alll x w/2] smallest
as the probability of the pixel taking the valuel (and —1) weights of the connections i8,,,, thenS,,, — Sw, > 0.
respectively when we arbitrarily choose one pixel in the

image. Proof:

3. The low resolution representation of the original imagk. This conclusion can be obtained by settingwall; to 1.

is obtained as follows: the image aréa w is divided into 2. Suppose there is &afi_1,j_1) such thatw; , ; , <0. We
equal shaped windows of size x r, (r, and r, being can construct ax'* so that[l x w/2] elements, including
positive integers), wheré andw are divisible byr, andr, x;_, ; ,, take the value “+1”, while the remaining elements

independently, then the pixel in each window are merged intake the values “-1". We should havé,(x'*%) = +1
one pixel with value calculated by using a simple majoritgccording to equation (1), because Z zi; > 0
principle on the pixel in the window. 1<i<i1<j<w
4. The classification of an image, either high resolution orWe can then obtain a new instaneg' <" from x>
low resolution, is implemented over the entire image byy letting z; . = -1, and 2z}, = w=;; for any
applying simple majority principle after counting the nuenb (; ;) £ (i_;,j_,). x’"** should be ini/ and the correct
of +1-pixels and—1-pixels. label should be “”. However,f,(x'*") = +1, as
. _ . Z Wi 5 ;= Z Wi jTij — 2 X wi_y 5, > 0.
We only discuss the simplified neural network as shown in, ;7% L<iciigi<w

figure 1, where the block N)Ndenotes a single output neuronThis causes a contradiction.
with the sign function as its activity function. Hence themut 3. By letting all the pixel with connections if,,, take the
values “+1" and the others take the values “-1”, we should
LThe intensity value of each pixel is eitherl or —1 for bitmap images, NaV€Sw, —Sw, = 0 as we expect the output should be “+1".
but there is no problem if we assume the values are eithieor —1. |



Lemma 1 simply implies that the weights of connections amnly the anti-“black” noise in the analysis. Thus when we
very close, if not identical, especially whénx w is a large refer to noise, concentrated noise, random noise, or con-
number. Thus, without losing generality, we asswmg =1 taminated pixels hereinafter, anti-“black” noise, ariilelck’-

for all (i, ) after the neural network is trainéd. concentrated noise, anti-“black”-random noise, antat’
noise contaminated pixels are implied.
C. Basic Model 8. N, andX,, denote the number of concentrated-noise con-

1. The noise is defined as a change of environment tiafinated pixels, and the number of random-noise contami-

enforces a change of pixel values; when subjected to ndise, fat€d Pixels separately.

values of some of the pixel will undergo a change fremto ,

—1, some from—1 to +1, and others may remain unchangeo[.)' Assumption

The noise that influence pixel to change from to —1 (or ~ We always assume that the high resolution image is large
—1 to +1) is called antiblack-noise (or antiwhite-noise) and the amount of noise is large so that both the total number
respectively. A pixel which undergoes a change freinto —1  0f noise contaminated pixels and the size of concentratsgno
(-1 to +1) is called an antblack-noise-contaminated pixel contaminated area are large.

(anti-white-noise-contaminated cell) respectively. Basic Assumptionin the absence of concentrated noise, the
2. Two types of noise are considered; concentrated noisehwhpercentage of “black” (or “white”)-pixels in the low resohu
influences the values within a concentrated block(s) oflpjxetion representation image among all the pixels, or amongta se
and random noise that is distributed uniformly over the whoPf many arbitrarily chosen pixels, is equivalent to the aten
image randomly. that there are more pixel taking valuel than those—1 (or

3. A set of anti-"black”-random noise (or anti-‘white”-rdom Mmore pixel taking value-1 than those+1) in a window in
noise) is dispersed uniformly over the image, producing @iginal high resolution image where the pixels merged into
uniform chance of converting the values of pixel fromi ©one pixel of the low resolution representation.

to —1 (or —1 to +1). The result of random noise thus could This assumption implies:

be regarded as a change in the probability for a pixel taking'—emma 2:In the absence of both random and concentrated
the value+1 from a to a new value (implying a change in theNoise, among a set of a large number of arbitrarily choseel pix
probability for a pixel taking the value-1 from 3 to a new in the low representation image, the proportion of “blacktla

value). “white” pixels P,; and P_; can be computed by:
4. A set of anti-"black”™-concentrated noise (or anti-“wéiit | Dt |

concentrated noise) is defined as the union of non-overthppe P = Z ( T, ) BV Y
rectangle blocks of size, x n,, on each of which all the o Y

pixels taking the valuet1 (or —1) will be changed to taking .

—1 (or +1). The corresponding union of these rectangle areas Seag o

is called a noise concentrated area, anc n,, is called the Pa= 3 ( Y ) af e,
size of noise blocks. y=0

5. In accordance with the above two types of noise Lemma 3:In the presence of only random noise, in a set

the anti-"black”-noise-contaminated pixel (anti-“wHieoise- Of a large number of arbitrarily chosen pixels in the low

= y , . .
contaminated cells) comprise the two types dependirr1eSO|lm(.)n Imagep.., _and P~ which denote the. proportion

; . » ._Of +1-pixels and—1-pixels can be computed by:
on the noise type, namely the anti-"black”™random-noise-

T Tw

contaminated pixel (anti-“white”-random-noise-contaated 57 -

cells) and anti-"black’-concentrated-noise-contangdgpixel = Z ( tw ) BYa/M1Te Y,

(anti-“white”-concentrated-noise-contaminated ceffs) y=0 y

6. We call a pixel in the low representation concentrateideo | D |

pollutedif and only ifthe conjunction set of the corresponding y - rr, P
. o 2 . . . P71:Z VY,

window in its original high resolution representation ahe t i

. . y=0
noise-concentrated area is not empty.

7. Because we are interested in computing the lower bound<\$tere.a’ andg’ are the percentage of the pixels in the original

the classification stability throughout this paper, we deis high resolution image taking valuel and taking value-1,
in the presence of random noise.
2Carefully checking the results in our theorems in the latatiens, we  The fact thatP,; > P_; whena > f3, simply says in noise
can know that it actually doesot matterif w; ; = 1 is not true for alli and free environment. both of high resolution and low resolutio

j, as long as the conclusion of item 3 in Lemma 1 is valid. . . e .
3Notice that, when both of random noise and concentratesenovexist, 'Mages will be classified into the same cluster.

some noise-contaminated votes may belong to both of thesetypes, as ~ We should regard the set of concentrated noise polluted
it will be explained in the proof of theorem 1. In a noise-frevironment, ixel in low resolution image as a set of “arbitrarily” chose
the rate of+1-pixels in a large subset under random noise will not changE. . . .

from that of the entire image. This implies that a percentaigendom noise ixel as in the above basic assumption, because concehtrate
contaminated pixel in the concentrated area should notgehémom that of noise also have to be “random”, although they occur in the
the whole image area. This is useful in computing an overlapandom  form of concentrated blocks. This is to say, the above lemmas

noise contaminated pixel and concentrated noise contamdingixel. It is hould b lid f h f d noi I dloi
understandable as the noise-concentrated area can bderedsas reasonably shou e valid for the set of concentrated noise polluteelpi

large. in the low resolution image.



Pri(Ruw)—P_1(Rw)

[1l. M AIN THEOREMS the requirement orX of X < TP (R ) =P 1 (W)

peed the following inequality:

we only
A. The Stabilities for High Resolution and Low Resolutio

Representations L PR — P (R
_ _— : ordSel < AT Pn®e) = Pale)
Theorem 1:The classification result of the high resolutio (’anfl_‘ 4 1)(““1} +1) 1+ Pi(Ry) — Po1(Ry)
image will be retained iff " Tw
N-X/a a-p Substituting the relation of. = |S.| x «, the conclusion of
Re + Ny X x N. Theorem 2 follows.
This theorem can be proved by noticing the following two
facts:
1. AmongX,, anti-"black”-random-noise-contaminated votes¢. Averaging the Stability Boundary
N“]\{a x N, votes come from the anti-"black’™-Noise- In the theorem above, the ceiling operations are used to
Concentrated area. develop a sufficient condition of stability that constitute

2. The classification of high resolution image is able taorst possible condition whereby each of the noise blocks
preserve the original decision, if and only if the number giollutes a maximum number of pixels in low resolution
overall anti-"black”-concentrated-noise-contamingbcels is  representation. It is most doubtable that the worst sitadftr

less then“T‘ﬁ x N. each noise block happens at the same time. Some appropriate
averaging will be introduced here by shifting the partifon
with noise distribution fixed.

o o ] By taking an average, we can have the following Theorem
Theorem 2:The original classification result will be re-ghowing the improved result:

B. The Stability of Low Resolution Image

tained if: Theorem 3:In average, the classification result of low res-
. Zi:: Pii(R) — Poi(Ry) Xflution image will retain the original classification resiil
S - : — a-N, Pii(Ry) — Po1(Ry)
1 ny 1 14 Pyi(Ry) — Poi(Ry, T, ot -
(2] + (et + 1) 1 Pralt) = Pat) T < T — D)0 T —1) T+ Poa) = o) &N
and and 1
R, < (@ —f)/2 x N, Nw<§(a—ﬁ)N

where P, ;(X,,) and P_;(R,,) which denote the percentagesvhere P,(X,,) and P_;(X,,) are calculated as they are in
of +1-pixels and—1-pixels under random noise, and can bé&heorem 2.

calculated as
IV. CONCLUSIONS EXPERIMENT

1w A. Conclusions

7]
Z < Tt > (B+ Ry /N)Y(a— Ny, /N)"e =¥ Fig. 2 illustrates the number of noise-contaminated pixels
y=0 y in the original image that the classification on the low rasol

_— tion representation and the high resolution represemtatam

L= ror accommodate before the original classification resulackl,
Pa(Ry)= > ( lyw ) (a =Ry /N)Y(6+ Ry /N)"1""%is reversed. We are using averaged estimation in the figure.
y=0 Nearly equilibrium cases ot — 5 = 0.05 are treated in the
figure.

o Based on this picture, we could see that, as the resolution
Proof: If X, < (a — )/2 x N, it is easy to see that P

e . ecreases, the number of contaminated pixel it can accom-
Pi1(Xy,) > P_1(R,,), and thus the classification result will be P

4s hat th ‘ d noi I modate increases continuously up to a certain point beyond
preserved. Suppose that the rate of concentrate nmsgspb which this starts to decrease. We claim that the classificati
pixels is X (0 < X < 1). P1(X,) and P_1(X,,) portions

. . - of low resolution image is always more stable than the high
of these concentrated noise polluted pixels are originally _resolution image. Thus, we have the conclusions here:

and —1-pixels respeclgiveLy inPtheNpresence of random NOiSE e |6y resolution is always more stable than the high
only. So whenX' < Ptk the number oft-1- resolution representation.

: 1+PL 1 (Ry)—P_1(Ry, .
pixels should be still larger than the number ot-pixels, 2. The lower the resolution representation is, the number of
noise we can accommodate without changing the original

even if we regard all concentrated noise polluted pixel-as

pixels. Thus, the classification result of the low reso'”tioclassification results keeps increasing up to a certairt bl
image should be able to preserve the original classificatig, s this point, the number of the noise we can accommodate
result_. As annﬂse bloclfl Oiflml X1, can b(_e partmc_)ne(_:i at giarts to decrease.

most mto([ - W+1)([ - W+1) differentwindows in high  Conjecture We believe that the above conclusion related to
resolution representation, we havé:/S. < ([(n, — 1)/r,]+ high resolution representation and low resolution represe
H([(n, - 1)/r 1+ 1) rr,/(nn,), whereS, = X - N tion still remain valid even when the decision making preces

is the total size of concentrated noise polluted windofs, involves complicated matching schemes such as features ex-
denotes the total size of the concentrated noise area. To ntesction by PCA method.

s

L
P+1(Nw) =




a-B=0.05, image size=1000x1000, noise block size:100x100
180 T T T

the highest score. That is, when the output neuron repiiagent
Random noie free “known people” is greater (smaller, respectively) than the
neuron representing “unknown people”, the input image is
classified as “known” (“unknown”, respectively).

The low resolution images and the neural networks for
low resolution images were constructed as follows: we use

‘ photoshop 6.0 to reduce each image inta- resolution image

60 | il (r=40, 35, 30, 25, 20, 15, 10, separately). We implemented a

100

10000 random noise contaminated pixcels "’-‘

Concentrated Noise Contaminated Pixcels(X1,000)

""""""""" 22000 random noise contaminated pixcels 3-layer neural network for each low resolution level.
o5 | We used the hyperbolic tangent sigmoid transfer function
1:12: (tansig) as the activation function for each neuron of the
- 1ox10 10r10 wa soee oo NiAAeEN layers of the neural networks. The log-sigmoid tiens

Image Resolution

function (logsig) was used as the activation function fottz
Fig. 2. Numbers of noise-contaminated pixels that the leaton system output neurons of the neural networks.
can accommodate on different resolution representations The neural networks were trained by the back-propagation
algorithm with adaptive learning rate (traingda). During a
_ training process, an “early stopping” technique was used to
B. Experiments improve the generalization and avoid over-fitting. If theoer
The experiment was done on human face classification, atid not decrease in 10 consecutive epochs, the training of a
the algorithms were implemented with Matlab 6. We were toeural network was terminated to avoid over-fitting.
determine if any new photo belongs to one of a set of knownThe trained neural networks were used on the test set. We
people. have reduces the sizes of original images using PhotoShop6.
1) Data Set:The training data consist of two sets of photosnto different sizes so as to compare the performances of the
Set 1, the collection of photos of known people, comprises theural networks for different resolution images. The nurabe
pictures of 50 people, each has 4 different gray-scale q@stu of correctly classified pictures among the 100 test pictéoes
showing different facial expressions: blank, smiling, Bng global matching and each regional matching neural networks
and surprised. Set 2, used as samples of unknown people shown in Table I.
comprises 400 facial pictures, which we downloaded from
Internet. We cropped each picture in Set 1 and Set 2 into
a face of sizel5 x 45 pixels where the line between two eyes
has fixed length and is parallel to the horizontal line, assho
in figure 3, and stored them in raw format. We used all theS‘E5 X 45140 % 40135 X 35180 x 3025 x 2520 x 2015 X 1510 x 10
photos as the training data of high resolution images. | 75 77 76 79 84 88 83 73
The test date were obtained as follows: We used another §6: The first raw represents pictures in different resohg, the second the
of 50 pictures of the known people in Set 1, and download@dmbers of correctly classified pictures.
50 other facial pictures of unknown people from Internegrth
added noise into these 100 facial pictures by using Phoposho
6.0; and finally cropped them into faces of sizé x 45
satisfying the above requirement on the line between tws.eye
Several typical training faces and a test face is shown indigu The paper shows by a mathematical model that the clas-
3. sification by neural networks for relatively low resolution
] representations has better performance than that for high
Testing Faceresolution representations. The model and discussionzasecb
5‘!.‘ : on the based approach. While it may be argued that, with a
.. | proper preprocessing stage, high resolution representatian
' be easily be converted to low resolution representations; o
model does not consider such a preprocessing and requires
Fig. 3. Examples of Training and Testing Faces the entire image be fed into the neural network directly.
When such a preprocessing stage is to be considered, our
2) Detailed Methods and Result$he pixel values of each model shows, for classification purpose, properly reduthieg
image are normalized so that the mean is null before thesolutions of images could save storage space but without
images are fed into the input layers of neural networks. Weducing the classification performance.
implemented a neural network with three laydisx 45 inputs, The model we set up is based on bitmap images, al-
90 hidden units and 2 outputs. The two outputs represghough our experiment shows that the result remains valid
respectively the two different categories, known peopld an

unknown people; each is used for predicating whether the“The log-sigmoid trans_fer function was pi_cked for outputnoms because
h b | ified bel h Th its,output range (0 to 1) is perfect for learning to outputlban values. We
photo to be classitie elongs to that category. e OUtpUtLBEd the hyperbolic tangent sigmoid function for hiddernroes as it reached

the network is interpreted by believing the output neurothwibest performance in our experiment.

TABLE |
CLASSIFICATION RESULTS ONHUMAN FACES WITH DIFFERENT
RESOLUTIONS

V. DiIscussION ANDOPEN PROBLEMS

Training Faces
[ T




for grayscale images, a proper model for grayscale and color
images seems to be interesting to be developed.
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