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ABSTRACT database, the expert will proceed with the eye-analysisef t

Shoe marks found on the crime scene are invaluable for t{i9Ner ranking results. The first systems to be reported were
identification of the culprit when no other piece of evidencelUman based ones [12, 19, 2], i.e. human experts classified
is available. Thus semi-automatic and automatic systerri§'€ Shoe soles and shoe marks using a series of patterns cho-
have been recently proposed to find the make and model §€ in @ special vocabulary defined on purpose.

the footwear that left the shoe marks. The systems proposed Here we give an overview of the automatic footwear re-
up to now have two main drawbacks, as they (i) are generallffieval systems that have been proposed since then.

not based on rotation and translation invariant descrigtio In [11] soles and shoeprints are first photographed and
and (i) are tested on synthetic shoe marks, i.e. on shdasprinbinarized. Then labeling is performed and the binary pixels
with added synthetic noise. Here we show the results of are grouped into shapes. The shapes are classified by their
translation and rotation invariant description based an thFourier transform components and finally a single-hidden-
Fourier transform properties: the test is made on both syrdayer feedforward neural network trained with back propaga
thetic and real shoe marks and a comparison with algorithnmigon is used as the recognition network. Regrettably the per

proposed by others is presented. formance of the system is not reported and its development
was abandoned.
1. INTRODUCTION Fractals and mean square noise error are employed in [3]

gfstthhelscfitrr;);gly Increases the chances to identify the mijthoimage itself, thus producing small changes when applied to

Ak | t during the i tigation is the ability t look alike and causing large differences when applied to dif
ey element during the investigation IS the ability 10 o ant natterns. The mean square noise error is then used as
search specialized archives in order to identify and qualif o gimilarity measure. The reference database (DB) is com-
the evidence, such as fingerprints, DNA sequences, faces,qaq of 145 gray level shoeprint images. Tests are made
spent cartridges and different chemicals and compound

> ) dding Gaussian noise, rotation and translation to the DB.
Pattern recognition has been employed successfully in mari-‘(eported results give 60% correct match ar@ation and

of the aforementioned fields, even on classical one like ﬁn(—,Jl severe drop to 10% after a 10 pixel translation. No results

gerprint recognition [15]. are given on noise performance
Recently great attention and research effort have been gim le Fouri r[ir nsform i -im lemented in 181, Th
given to the semi-automatic and automatic retrieval of ple rourier transtorm IS implemente [8]. e

footwear from the shoe marks, i.e. from the shoeprints foun§CWer spectral density (PSD) is calculated and used to char-
on the crime scene. In particular, shoe marks allow the pro£iCté/ize the images, in order to have translational inwasa
ecutor to understaﬁd the crime aynamics [13] and, with n hile rotational invariance is obtained brute-force ttgbu
suspect or few elements available, the knowledge of the malgtation of the query image in the range0°. The 2D cor-
and of the model of the shoe that left the shoe mark is a pr&(elatlon coefficient between the PSDs is used as the similar-

cious information for police officers to lead investigation fy measure. Average Match Score and Cumulative Maich-
In this paper we will give a review of the state of the

ing Score are used to optimize the system parameters and to
art on automatic footwear retrieval systems (Sec. 2), then

wAssess it, respe_ctively_. Results show that shoeprintso&re_c
will give a brief description of the description used and therectlyomatched in the first 5% of the sorted DB patterns with
similarity measure employed in this work (Sec. 3), and we! 85% score. Here noisy Images are not considered. .
will show the results obtained testing this as well as other. Fourier transforms modified phase only correlation
systems on both synthetic and real shoe marks (Sec. 4). FMPOC) was employed in [14], given that the phase infor-

nally, we will (Sec. 5) draw the conclusions and point out theMation is much more important than the FFT amplitude in
future work. preserving the features of image patterns. The reference DB

is made of 100 elements, used to generate synthetic shoe
2 STATE OF THE ART marks. Four sets of synthetic shoe marks are created by
adding white Gaussian noise or applying motion blur. Syn-
Even using a fully automated retrieval system, is a generdhetic shoe marks are also obtained by pasting the shogprint
Law requirement that the forensic expert is in charge of hisnto texture images taken from the Brodatz album [4]. The
or her forensic analysis and, after the query to the referendest demonstrates a 100% first rank recognition rate, but the
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system is not invariant under translation or rotation. Thus, if f1(x,y) and fa(x,y) are related only by a trans-

To address translation, rotation and scale invariances Hulation, the inverse Fourier transform @ 2(&,n) is a pulse
seven moments were used in [1]. Hu's moments are emwhich is zero everywhere except nearby the point of max-
ployed on a reference DB containing 500 shoeprints, showimum (X, Yo), which also gives the displacement between
ing that the first and the second moments are the most dig1(x,y) and fa(x,y).
criminating. Synthetic shoe marks are generated addirig zer  Now, suppose,(x,y) is a translated and rotated version
mean Gaussian noise, and tests are made with a rotation frawh f1 (x,y), such that:

-90° to +9C°. Results show a severe drop of accuracy, which
is as low as 5.4% for a 20% Gaussian noise variance. f2(x,y) = f1(cosBox+ sinfoy — Xo, —SinBoX + coBoy — Yo).

A Maximally Stable Extremal Region (MSER) detector 4)
is used in [17] to identify the features of the shoeprint dred t Given the Fourier transform rotation property we have
Scale Invariant Feature Transform (SIFT) algorithm is eMthatF;(&,n) andF(&,n) are related by:
ployed to describe them. The combination of MSER an SIFT
gives the method a good repeatability under affine transfor- F(E,n) g i2n(&xo+nyo)
mations, together with the possibility to deal with partal ’ ) )
hidden data. The reference DB is made of 374 shoeprints, F1(costoé + sinBon, —sinBoé + coson)  (5)
each containing a whole left and right print, while the tedt s
is made of an image of either a complete left or right print.  If we look at the magnitudeBy(&,n) andP>(&,n) of
They report a 94% classification rate if viewing only 5% of F1(&,n) and F»(&,n), respectively, the following relation
the database, but again no test is performed on noisy imagédwlds:

Finally an image retrieval algorithm combining the in-
formation of the phase of the Fourier transform of the shoe P,(&,n) = Py(cosByé + sinBpn, —sinBoé + coHon) (6)
mark images with the power spectral density of the Fourier
transform calculated on their Mahalanobis map is employedle. the magnitude of the second image is the rotated replica
in [6, 7]. The reference DB is made of 35 shoeprints and thef the magnitude of the second one.
system is tested on synthetic as well as on real shoe marks |f the coordinates of the obtained magnitudes are trans-
coming from crime scenes. A comparison with other methformed into polar coordinate&,n) — (p,8), with p =
ods is made and the results show that the performance of th?’iz 2 _ .
system is on par, if not better than the other, with the 100% §2+n%andd =arctarin/¢) we have:

i 0
gféhe real shoe marks found in only 24% of the known shoes Py(p,0) = Pi(p, 0 — B) @)

In this paper we make a comparison of the most success;., - o .
ful methods described above (i.e. the ones in [8], [14], an%nd the rotation turns to be a translati@nin the 8 coordi
[7]) with a method based on the Fourier transform properties
on both synthetic and real shoe marks coming from crim
scenes

Following again the procedure described in the case of
%ure translation, we can calculate the cross-power spec-
trum Q12(&’,n’) between the Fourier transform Bf(p, 0)
andP(p, 0). Its inverse Fourier transform will be a pulse

3. FOU@IE/IRI P:SFTDYDMEI?,CAEUIDQTEION AND I(i(l;eef)l)Jhction with its maximum located at the displacement

In this section, we present the needed tools to match images In an ideal case the height of the peak would be near
which are translated and rotated with respect to each othe?ne and would be departing from this value for different im-
using the translation and rotation properties of the Fourieages. Therefore, in this work we consider the peak height of

transforms. the inverse Fourier transform @ 2(€’,n’) as the similarity
Let f1(x,y) and fa(x,y) be two images differing only by measure for image matching: if two images are similar, their
a displacemen(txg, Yo), so that: inverse Fourier transform will have a distinct sharp peégk, i
they are not similar, the peak will drop significantly.
fa(x,y) = f1(X—X0,¥Y — Yo)- D The steps described above give a translation and rotation

. _ invariant description and a similarity measure. The proce-
Their Fourier transform&(&,n) andF,(&,n) are re-  dure could be made more general including scale invariance,

lated by: performing a Fourier-Mellin transform [5]. However, thé-re
, erence DB specifications are known and during the crime
Fo(&,n) = e 12ME0t M) F (£ 1) (2)  scene analysis all evidence is fully documented within a met
. rical context, thus scale should not be an issue.
and the cross-power spectri@i ; of fi(x,y) andfz(x,y) is Al the tests described below were made following the
given by: above mentioned procedure using standard MATLAB [21]

i commands, without any fine tuning.
Qua(E.n) = P WE M) _ gomoenw (g
’ IF1(&,m)F5(&.n)| 3.1 Spectral Weighting Functions

We performed some tests on the system performance mul-
tiplying the Fourier magnitudeB; (&,n) andP,(&,n) with

We preliminary tested [6] a SIFT matching algorithm [16ndar to (WO different filters, i.e. a high-pass emphasis fikE(iE , n)
the one employed in [17], with poor results. and a band-pass functidi (&, n).

whereF; (&, n) is the complex conjugate &5(&,n).
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The high-pass filter [20] nulls the contribution of the fre-
guencies around = 0 that get oversampled due to the Carte-
sian to polar coordinate transformation. The filter is given &

by:

X(§,n) = cog ¢ Jcog 7)) (®)

with & andn between -0.5 and 0.5 (in unit frequency).

The band-pass weighting function [14] has the sam
shape as the spectrum of a Laplacian of Gaussian (LoC
function and is used to eliminate both high and low frequenc! "\\
components. The filter is given by:

52_’_’72 52+ f]2
W, => 0 - 10
p(&m) a eXp (10) Figure 1: Examples of shoe marks (top), and matching

. . i shoeprints (bottom).
where 8 controls the function extension ard= 4nB* is

used for normalization.
During our test we tried them separately and together,

with different values oﬁ, ranging from 50 to 150. ThUS, Starting f_rom thRDB, described in Sec. 41, two
subsets of synthetic shoe marks were created [14]:
4. SETUP OF THE TEST e Subset 1: 300 shoe marks obtained by adding to each
We have built a reference DBRPB) made of known shoeprint in theRDlg a white gaussian noise with zero
shoeprints, realized starting from the images availabteet mean and variancg” = 1, 5, 10 and 15 %;
ENFSI [10] WGM website [9] and then adapted as explained e Subset 2: 375 shoe marks obtained by blurring each
in Sec. 4.1 shoeprint in the(RDBwith a motion blur ofd = 2, 5, 10,
Two different sets of shoe marks are used in our test to 15 and 20 pixel.
query theRDI?i . S Some samples of Subset 1 are shown in Fig. 2 for gaus-
e asynthetic shoe marks s&y(nt3, realized as detailed in  gjgn noise.
Sec. 4.2;
e a real shoe marks seRéal3, realized starting from the A) B) (T
images available at the ENFSI WGM website [9] and " ---1-*‘-;
then adapted as explained in Sec. 4.1. 4 Dy i
Fe Duppmst's
4.1 Reference DB and real shoe marks set e Fai el e
The images were first converted to gray scale and then re- o BES -gﬁ
sized to 512512 pixel size, to obtain a reference DB made o E"T Wm et
of full shoeprints, Fig. 2.A). Ay '_'; pod
To allow the comparison with previous works [8, 14, 7], o Pl e
three zones of interest of 18000 pixel size were cropped o 2 LB
from each shoeprint and used for the test, Fig. 1. Croppingc) e R gk 'P“’% D)
was performed also for the crime scenes shoe marks in order ~ ##® - &E‘w!
to increase their number for testing purposes. Fﬁ A el ‘Zl:'.*.‘!! 7
Following this procedure and starting from the images 'Li. ST T
available at the ENFSI WGM website, we built: a reference A ﬂ-ﬂﬁ-
DB made of 25 known shoeprints, areference DB made of 75 g#. ey ﬁﬂ

known shoeprints crops, and a set of real shoe marks made -e" Il ;};].r_ri“{:

of 35 items (corresponding to 16 known shoeprints). ':' A TN N R, F—f‘?'.'
Then, we have queried each element ofRealSagainst B e A

those in the cropped shoepri®DB, and against those in

the full shoeprintsRDB, using the Fourier based invariant Figure 2: Reference DB sample and synthetic shoe marks

description employed in this work and using the methods degbtained by adding increasing white Gaussian noise to it: A)

scribed in [8], in [14] and in [7]. Finally results were com- griginal image, B)o? = 1%, C)o? = 5%, D) 02 = 10%.

pared in the form of top-one, top-five, top-ten and top-twent

ranks.

. Again, we have queried each element of ymtSagainst

4.2 Synthetic shoe marks set those in the cropped shoepri®DB, and against those in
We want to compare the method used in this paper with théhe full shoeprintsRDB, using the Fourier based invariant
ones employed in other works, but the field still lacks a standescribed in this paper and employing the methods described
dard database for comparisons; moreover, all other egistinin [8], in [14] and in [7]. We then compared the results in the
works only consider synthetic shoe marks. form of top-one, top-five, top-ten and top-twenty ranks.
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Algorithm

SyntS PSD MPOC Mahalanobis  This Work (Cro 1 T T T T T T T I I

1 5 10201 5 1020 1 5 1020 1 5 10 = 1
1% [99 100 100 100 100 100 100 100 95 99 100 100 100 100 100 0.8 A
5% [82 89 93 98 100100100100 78 93 99 99 92 94 95 '

10% [71 75 82 86 100100100100 74 86 92 98 84 86 87
15% |67 72 74 76 100100100100 - - - — 71 73 76

2 pxl 98100 100 100 100 100 100 100 100 100 100 100 100 100 100
5 pxI' {95 100 100 100 100 100 100 100 87 98 99 100 100 100 100
10 pxI [60 69 75 79 100100100100 39 74 79 93 100100 100
15pxI [68 82 85 89 96 100100100 — - — — 95 100100
20pxI [34 42 60 74 100100100100 8 38 52 72 98 100 100

0.6

0.4

0.2

Cumultive Match Score

= ==Crops ]

Table 1: Results for synthetic shoe marks queried on th s s e |=G8hoes
cropped shoeprint®DB for the different methods. Shown 20 40 60 80 100
is the percentage of shoe marks that are correctly matched DB Reviewed (%)

the first place and in top-five, top-ten and top-twenty rank.

A N e R T EEs

o

Figure 3: Results for synthetic shoe marks in the caskof
This Work 10 pxI motion blur, queried on the croppB®DB(- -) and on

Synts Crops Shoes the full shoeprintilkRDB (—).
1 5 10 20| 1 5 10 20

1% (100 100 100 100100 100 100 100

50 |92 94 95 95|93 94 97 99
10% |84 86 87 88|79 82 87 93
15% (71 73 76 80|58 65 70 92
2 pxl |100 100 100100100 100 100 100
5pxI |100 100100 100 97 97 99 99
10 pxI 100100100100 75 79 88 97
15pxl | 95 100 100 100 68 72 82 93

tions of the high-pass emphasize filter and the weight func-
tion, with B values ranging from 50 to 150. The cumulative
match score results are shown in Fig. 4, which shows the
best results are obtained when using both the high-pass em-
phasize filteH (&, ) and the weight functioW_150(&,1).

20 pxI | 98 100 100100 53 62 74 88 o !

g |

Table 2: Results for synthetic shoe marks queried on th & 98f

cropped shoeprinRDB (left) and on the full shoeprinRDB S |

(right) for the proposed invariant method. Shown is the per g 061

centage of shoe marks that are correctly matched at the fir g [ —— HP+L0oG(3=80)

place and in top-five, top-ten and top-twenty rank. _% 0.4} HP+LoG(B=150)|
S ---HP |
gozr g e LoG(=80)

5. RESULTSAND DISCUSSION o [ —— LoG(B=125)
O I

We first tested the performance of the system when quen 0 20 DBA(})?eviewet;S(z% ) 80 100
ing the croppedRDBwith the SyntSand make a comparison

with the following method$ MPOC [14], PSD [8] and Ma- Figure 4: Results for real shoe marks as a function of the

halanobis [7]. Results are shown in Table 1. o e R
As can be seen from the table, the invariant descriptioR():Voerigtr)]'tn %t;%rt]iigf(t&%%%h pass emphasize filter (HP) and the

employed performs better than the PSD and Mahalanobis
methods, but doesn’t reach the 100% score of the MPOC
case, although the latter is not translation and rotatiearin Once chosen the best combination, we evaluated the em-
ant. ployed system in comparison with the other MPOC, PSD and

We then tested the system when querying the fulMahalanobis methods, Fig. 5.
shoeprintRDBwith the SyntSThe results are shown in Ta- As can be seen, the translational and rotational invariance
ble 2. has a high price to be paid: analyzing the first 5% of the query

As can be seen querying the full shoeprints causes @sults the probability to find the correct shoeprint is 5@¥o
degradation of the results, especially when applying nmotio both MPOC and Mahalanobis methods, while it lowers to ap-
blur. In Fig. 3 the results in the case ofla= 10 pxl synthetic  proximately 17% using the Fourier based method employed
motion blur are shown in the form of cumulative matchingin this work.
characteristics curves [18]: the horizontal axis of thepgra
is the percentage of the reference DB reviewed and the verti- 6. CONCLUSIONS
cal axis is the probability of a match.

We then tested the method employed in this work query!n this paper we studied a system for the automatic retrieval
ing the full shoeprintRDBwith the shoe marks coming from of footwear that left the shoe marks found at the crime scene.
the crime scenes. During this test we tried several combinagFhe system exploits the translation and rotation propertie

of the Fourier transform to realize a translation and rotati
2Both MPOC and PSD were implemented by us on purpose. invariant description suitable for image matching.
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