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Forensic Sketch-Photo Matching using LFDA
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Abstract— The advancement of biometric technology hasl. The person may have already been convicted @ance
provided criminal investigators additional tools wetermine the 2. The person has not been convicted even ondgsaistthe
identity of criminals. In addition to DNA and circurstantial  first time, he may be committing crime.
evidence, if a latent fingerprint is found at an vestigative scene | general, sketches are classified into two categp
or a surveillance camera captures an image of aped's face, viewed sketches and forensic sketches

then these cues may be used to determine the didpidlentity . .
using automated biometric identification. Howevenany crimes * Viewed Sketches: These are the sketches drawn by an

occur where none of this information is present, birtstead an artist, directly looking at the subject or the pigraph
eye-witness of the crime is available. In these uirtstances a of the subject as shown in fig. 1.

forensic artist is often used to work with the witrgesr the victim ¢  Forensic Sketches: These are the sketches drawn by
in order to draw a sketch that depicts the facialpgarance of the specially trained artists based on the descriptién
culprit according to the verbal description. Thesketches are subject by an eye witness as shown in fig. 2.

known as forensic sketches. This problem of matdhia forensic Ty key difficulties highlighted in matching fordos
sketch to a gallery of mugshot images is addreskete using a sketches are: (1) Matching across image modalitied, (2)

robust framework called local feature-based discirant erforming face recoanition despite bossibly inaatel
analysis (LFDA). Since, forensic sketches or digifalce images P ormi 9 gnit pite possibly |
depictions of the face.

can be of poor quality, a pre -processing technigiseused to
enhance the quality of images and improve the id&oation
performance.In this paper experiments are carriedtaising 52
forensic sketches for matching against a gallery 864 photo
images. The experimental results demonstrate the tehiang
performance of the proposed algorithm with the usef
preprocessing approach yields better identificaticeccuracy
compared to other methods.

Keywords—Forensic  sketch, Mugshots, Feature-based
approach, Local feature-based discriminant analysiBeature
descriptors. o

l. INTRODUCTION

Today, advances in biometric technology have pmxvid
criminal investigators additional tools to help etetine the
identity of criminals. In addition to the incideh&vidence,
if a dormant fingerprint is found at the scene nfne or a
surveillance camera captures an image of the fdca o
suspect, then these clues are used in determiminguspect
using biometric identification techniques. Howeverany
crimes occur where none of the above discussedniafiion

is present.

Also, the lack of technology to effectively captutiee
biometric data like finger prints within a shortaspafter the
scene of crime is a routine problem in remote arBaspite
these repercussions, many a times, an eyewitnessir@cof
the crime is available who had seen the criminhé Police
department deploys a forensic artist to work wlith witness
in order to draw a sketch that depicts the fagilearance Il.  RELATED WORK

of the culprit. These sketches are known as foeenSkesearch in sketch matching started only a decgaleTais

sketches. Once_the sketch is _ready, it is_senheaolaw is because the accuracy of sketch recognition iig ke,
enforcement officers and media outlets with the eh@d . ompared to traditional face recognition techniqaess is

catching the_ suspect. Here, two different scenariag arise ;, turn due to a large texture difference, betwaesketch
for the culprit: and a photo. Even though all the methods that gpécable
to viewed sketches, are also applicable to foresisatches,
the unavailability of a public database for forensketches
led to a lack of standard test procedure on therlatne.

Fig. 1 Example of viewed sketch and its correspogg@hotograph

Fig. 2 Forensic sketch and its corresponding phrafuy
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method [1] to either project a sketch image intphmto
subspace, or to project a photo image into a slsibkpace.

An improvement to this method was offered by Wand a

Tang [2], where the relationship between sketch @imgto

image patches was modeled with a Markov randondl.fiel

Here, the synthetic sketches generated were matiched
gallery of photographs using a variety of standéade
recognition algorithms.

In the paper [3] the authors discussed a method
representing face which is based on the featuréshwises
geometric relationship among the facial featurks thouth,
nose and eyes. Feature based face representationdsby
independently matching templates of three facigioms i.e.
eyes, mouth and nose. In paper [4] which presemsval

and efficient facial image representation based |aal

binary pattern (LBP) texture features.

To identify forensic sketches much efficient algfom is

presented here in [5]. Both sketches and photos
considered for extracting feature descriptors usBuale
Invariant Feature Transform (SIFT).

both the channels, coefficients from the approxiomaband
of f* and fare averaged.

e 1 g2
L =mean ™, )

Wherefeu_ is the approximation band of enhanced image.
All three detailed subbands are divided into winda# size
3x3 and the sum of absolute pixels in each windew i
foalculated. For the™ window in HL subband of the two
images, the window with maximum absolute value is

selected to be used for enhanced subtfgnd. Similarly,
enhanced subbana‘seLH and feHH are obtained. Finally,
inverse DWT is applied on the four subbands to gerea
high quality face image.

F = IDWTF{LL, fun, P, )
This DWT fusion algorithm is applied on both forens
&Retches and digital face images.

IV. PROCESS OF SKETCH TO PHOTO MATCHING

A feature-based method for matching sketches wate proposed feature-based method for sketch tdopho
presented by Klare and Jain [6], which serves as thhatching system is shown in the following given dio

motivation for the sketch matching method presemetiis
project. In this feature-based sketch matching @gogr
uniformly samples both sketch and photo imagesguSiFT
feature descriptors at different scales. From ghi€.Jain in
[7] proposed a system which used SIFT and muliéskadal
binary pattern (MLBP) as feature descriptors witmew
framework called as LFDA i.e. local
discriminant analysis.

The paper [8] surveys about forensic face recommiti
approaches and the challenges they face in impyothia
matching and retrieval results as well as procgstia low-
quality images.

Il. PRE-PROCESSING ALGORITHM

The digital images may be noisy and of sub-optiqallity
because of the printing and scanning of imageserisic
sketch-digital image pairs of lower visual qualihay lead
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Fig. 3 Representation of the sketch matching system

Here we have a set of sketches (Probe images) art Gt
mugshot photographs.

The steps involved in sketch to photo matching ase
follows:

to reduced matching performance as compared to gobd For the input sketch image and the correspgndin

quality sketch-digital image pairs. Forensic sketchmay
also contain distortions and noise introduced duwethe
excessive use of charcoal pencil, paper qualitgl,smanning
(device noise/errors).

In this paper, following pre-processing technig8ki$ used
that enhances the quality of forensic sketch-digiteage
pairs.

1. Let f be the color face image to be enhancedf fet

andf’ be the red and luma channels respectively. These t

channels are processed using the multi-scale xe{MSR)
algorithm. MSR is applied on both red and luma cledsto
obtainf™ andf’™.

2. Image denoising is applied to gdt™ and ™
respectively.

photo, apply feature extraction techniques on each
them and store results in the database.

2. Store this feature extraction results for evergge into
a feature database.

3. For every probe image, the corresponding mist¢hat
with the minimum distance calculated with the neare
neighbor matching method.

4. The final top retrieved images from the datebase

then displayed.

From the above figure, we can say that the imagabdae
represents the gallery of images of the culprithese
images are called as the mugshot images. A mugistet
photographic portrait taken after one is arrest8ketch
image is the probe sketch which is the input git@rthe

3. Noise removal may lead to burring of edges. ldendnatching system that is to be identified againstatailable

Weiner filter is applied to obtairt &ind f.
4,
channels, DWT fusion algorithm is applied onahd f to
compute a feature rich and enhanced face imag8jnigle
level DWT is applied on f1 and f2 to obtain theadleand

approximation bands of these images. ﬂg.;, fJLH, fJHL,
fJHH be the four bands and j = 1, 2. To preserve featof
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After computing globally enhanced red and luma

mugshot images.

Feature extraction: Feature extraction represents any
feature-based sketch matching technique. For exampl
there are different types of feature (image) desors
which can be used, that are SIFT, MLBP, SURF
(Speeded up Robust Features), Haar, Gabor, and
intensity.

Feature database: Feature database is the database
maintained where all the results or values obtafrea
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the feature extraction method are stored. These are L(x,y,0) = GX Y, 0) *I(X,y)
afterwards used for matching purpose with the prob&here * is the convolution operator,XGY, ) is a variable-
sketch. scale Gaussian and{y) is the input image.

« Matching algorithm: Matching algorithm is used to Difference of Gaussians technique is used for Ingadcale-
find a proper match between the probe sketch imag@ace extrema, R(y, o) by computing the difference
with the mugshot images. We can match sketch teetween two images, one with schliémes the other.
photos using ‘nearest neighbor matching’ method in D(x, ¥, 6) = L(X, Y, ko) - L(X, Y, 6)
which the minimum distance between the calculateStep 2: Keypoint Localization
values of the mugshot images and the probe skstch
found out.

The images need to be preprocessed first as gisfewtand

then matching can be performed on them.

Elimination of more points by finding those thatveadow
contrast or are poorly localized on an edge. Thiachieved
by calculating the Laplacian.

Training

V.FEATURE-BASED SKETCH MATCHING dscmpan

i et Break each image SIFT and MLBP projection for
raining sef into set of feature descriptor Group patch vectors into slices eachslice

In feature-based technique [7], feature descriptiascribe s O o et

an image or image region using a feature vectot the _

captures the distinct characteristics of the imadere we :‘"*E >

find out feature based representation of both $keted j_"f'*E:

photograph. For both, we compute a SIFT featurergssr. TAR]

Because most image descriptors are not sufficiargipose ]

to fully describe a face image, the descriptorscamaputed @

over a set of uniformly distributed sub-regionstioé face. Matching

The feature vectors at sampled regions are the o iy sy vtchng

concatenated together to describe the entire Tdeefeature -

sampling points are chosen by setting two pararsieter G":J »

region (or patch) size s and a displacement 8iz&he

region size s defines the size of the square windeer i

which the image feature is computed. The displacesige f »

d states the number of pixels the patch is displdoe@ach y

sample; thus, (s8) is the number of overlapping pixels in )

thv(\g?lzac‘)dr{taaﬁe(rl]\f)pa?rtl((;h\?grtllc::glr (al\;ll) Zaxm\é\ﬁr:rg?ggutggsgﬂ/rg:e Fig. 4. An overview of the (a)ftraining and (b)gaition using the LFDA
ramework

by N= (W —s) 8+1 and M = (H - s)8 +1. At each of the M gtep 3: Orientation Assignment

x N patches, we compute the d-dimensional imageufea ) _ ) _

vectorg. These image feature vectors are concatenated it @ssign an orientation we use a histogram anchall s

one single (M * N * d)-dimensional image vectds. region arou_nd it. Using the hl_s'_togram, the mosmpnent

directly using this feature-based representatiosutifects i P€ak, it is assigned to the keypoint. If there ameitiple

and j by computing the normed vector distance(|[)/- F  Peaks above the 80% mark, they are all convertedimew

a 1I- keypoint (with their respective orientations).

A. Local Feature-Based Discriminant Analysis: Next, we generate a highly distinctive “fingerptinor
In the LFDA framework [7], each image feature ved® feature vector”, having 128 different numbers feach

first divided into “slices” of smaller dimensiongl where keypoint.

slices Step 4: Keypoint Descriptor:
correspond to the concatenation of feature descrigctors
from each column of image patches. Next, discrimina
analysis is performed separately on each sliceebfppming
the

following three steps: PCA, within class whiteningnd
between class discriminant analysis.

Finally, PCA is applied to the new feature vectorémove
redundant information among the feature slices xivaet
the final feature vector. The training and matchphgses of
LFDA framework are as shown above in Fig. 4.

Uy
Uy

»

Uy

oeR?

fori=1---ndo
d(i) = llps = @ ll2
end for

Tdentity = min (d)

Keypoint descriptors typically uses a set of 1@dgsms,
aligned in a 4x4 grid, each with 8 orientation biose for
each of the main compass directions and one fdr eaithe
mid-points of these directions. This result in atéee vector
containing 128 elements. These resulting vectarkaown
as SIFT keys and are used in a nearest-neigbopreagh
for sketch to photo matching.
The nearest neighbors are defined as the keypaiiits
minimum Euclidean distance from the given descripto
vector. The probability that a match is correct dam
B. Feature descriptors: determined by taking the ratio of distance from thesest
) ) neighbor to the distance of the second closestmaliches
In LFDA framework [7], the following feature desptors  gre rejected in which the distance ratio is gretitan 0.8,
are used i.e. scale invariant feature transfornTBland \hich eliminates 90% of the false matches whileatiding

multiscale local binary pattern (MLBP). less than 5% of the correct matches.
« Scale Invariant Feature Transform (SIFT): * Multiscale Local Binary Pattern (MLBP):

The algorithm for SIFT is as follows: _ The original local binary patterns (LBP) operatakéds a
Step 1: Scale-Space Extrema Detection: The scalees8 |ocal neighborhood around each pixel, thresholdsixels
defined by the function: of the neighborhood at the value of the centrabpand
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uses the resulting binary-valued image patch ascal |
image descriptor. It was originally defined for 3
neighborhoods, giving 8 bit codes based on the x@lpi
around the central one. The operator labels thelpixf an
image by thresholding a 3 x 3 neighborhood of eaighl
with the centre value and considering the reswdta ainary
number, and the 256-bin histogram of the LBP labels
computed over a region is used as a texture déscrip

The limitation of the basic LBP operator is thatsmall 3 x

3 neighborhood cannot capture the dominant featwiths
large scale structures. As a result, to deal Viightexture at (a) LFDA and LFDA with preprocessing correctly recogsiz
different scales, the operator was later extendedige
neighborhoods of different sizes called as MLBP. It
describes the face at multiple scales by combittiegL BP
descriptors computed with radit{1, 3, 5, 7}.

V. EXPERIMENTAL RESULTS

The experiments are performed using the combination
viewed sketches and forensic sketches to incréassize of
dataset.

The database consists of 142 viewed sketch-phois pa
from CUHK database [2] and 70 viewed sketch-phatiosp
from 1IIT- D database [9]. Forensic pairs are octel as 25
pairs from Forensic composite sketch database [4Bich
contains sketch photo pairs frgm L. Gibson [1_1_] aﬁc_pgirs Fig.5 Examples of Recognition at Rank-1 position

are taken from IlIT-D forensic database. Initiathaining _ )

was performed on all the sketches with its corredpg Comparison of all the other methods with the prepos
photographs. And the probe set consisting of 52rfsic method at Rank-50 accuracy is shown as followsabld 2.
sketches were used to match against a gallery &fabery

(b) LFDA with preprocessing correctly recognizes ahika

images.Matching forensic sketches to large mug shot Table 2

galleries is different in several respects fronditranal face Comparison of Rank-50 Accuracy
identification techniques. Hence, when matchingefisic

sketches we are generally concerned with the acgust Methods Rank-50 Accuracy (%)
rank-50 i.e. whether or not the true subject is@né within LFDA with Pre-Processing 57.69%

the top-50 images that were near (Euclidean distanc LFDA 7 55 76%
between descriptors) or top-50 retrieved imagesicelavith SIET 51.92%

52 probe set of forensic sketches, the resultsirwataare LBP 50.00%

shown in the following Table 1. The CMC curves in Fig.6 (a) and (b) show that pine-

processing technique used along with the LFDA nebiitm

Table 1 . .
; ) proposed approach enhances the quality of imageslao
]Ic?ank-_lo "’ll(nd Iﬁank-SgGacculrlamels obtained for mayBM  e1ns 1o improve the rank-50 accuracy of the systym
orensic sketches to 264 gallery images. atleast 2%.
Methods Rank-l((g/,)Accuracy Rank-5((g/,)Accuracy ‘ ‘ ‘ ‘
0 ° 08|+~ LFDAwith Prepocesig ]
LFDA 23.07% 55.76% —Lm o '
05+ £
- sl and
LFDA with .Pre- 26.92% 57 69 i
Processing il

Examples of the forensic sketches correctly idetifat -
rank-1 with both methods are as shown in Fig. Bte@se D
two sketches were good quality sketches resembling o
perfectly with the suspects photo. In Fig 5(b) am&e good w [
quality sketch is

shown which LFDA failed to recognize at rank-1 top
position, but with preprocessing it is identified top e \ \ \ \ | \ \ |
position_ 5 1 15 0 Rk B kil ki) L] 3 5

Fig.6(a) Rank curve of LFDA with preprocessing
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(5]

I I I \
0.+~ LFDA with Pre-processing &

—SFT 2
05H —18p

(6]

(7]

(8]

9]

5 1 15 K i kil % L L3 50

B pan

Fig.6(b) Rank curve with comparison (10]
VI. CONCLUSIONS [11]
[12]

We performed experiments for matching forensic ches
to mugshot photos using a robust feature based ogieth
LFDA with additional pre-processing method. Thisepr
processing algorithm helps to enhance the foreinsages
by removing the

irregularities and noise.Matching forensic sketcises very
difficult problem in heterogeneous face recognitfontwo
main reasons. (1)Forensic sketches are often amiplete
portrayal of the subject's face. (2) We must matctoss
image modalities since the gallery images are mgafths
and the probe images are sketches. Forensic sketoke
drawn by interviewing a witness to gain a desaipibf the
suspect. Research on sketch to photo matchingggdint
has primarily focused on matching viewed sketchespite
the fact that real-world scenarios only involve eiasic
sketches. Forensic sketches pose additional clgaedue
to the inability of a witness to exactly remembédie t
appearance of a suspect and her subjective acoduhe
description, which often results in inaccurate anwbmplete
forensic sketches. Comprehensive analysis, inctudin
comparison with different methods is performed gsine
viewed, semi-forensic, and forensic sketch dateblising

a collection of 52 forensic sketches, we performmdching
against a gallery of 264 images. The results with- p
processing with LFDA method shows the rank 50 amoyr
at 57.69%, while the same with only LFDA framework
gives accuracy at 55.76%.It helps to improve theuescy
with atleast 2%. Thus, the results show that trepased
approach with the help of pre-processing performs
significantly better than other methods. There oatinual
research taking place for matching forensic skeiche
future a larger collection of forensic sketchesdseto be
collected to further understand the complexity b t
problem.
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