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Abstract

Face sketches created from eyewitness descriptions of criminals have proven to be

useful in assisting law enforcement agencies to apprehend perpetrators, particularly

in cases lacking evidence. These sketches are typically disseminated to the public

and law enforcement officers so that any persons recognising the suspect in the

sketch may come forward with information leading to an arrest. However, this pro-

cess is time consuming and not guaranteed to be successful. In this dissertation,

an investigation of popular and state-of-the-art face photo-sketch synthesis and

recognition methods which can identify perpetrators automatically is performed

using an evaluation set-up that reflects real-world scenarios, through the use of

challenging sketches and an extended gallery which simulates the extensive mug-

shot galleries maintained by law enforcement agencies. The University of Malta

Software-Generated Face Sketch (UoM-SGFS) database was also created to enable

the design and evaluation of algorithms when using software-generated sketches,

that are nowadays being used more often than hand-drawn sketches. This database

is the largest software-generated face sketch database, one of the few containing

multiple sketches per subject, and the only one containing sketches represented

in colour. Several novel methods have also been designed and evaluated, namely:

(i) the Eigenpatches (EP) approach which improves upon the performance of the

popular Eigentransformation (ET) method by transforming photos into sketches

or sketches into photos on a local level, (ii) the log-Gabor-MLBP-SROCC (LGMS)

method that extracts modality-invariant features, (iii) the DEEP (face) Photo-

Sketch System (DEEPS) framework that applies transfer learning to a state-of-

the-art face recognition system based on a Deep Convolutional Neural Network

(DCNN) with the aid of an extensive set of synthetic images created using a 3D

morphable model, (iv) the use of multiple synthetic sketches during system deploy-

ment, and (v) the fusion of intra- and inter-modality methods which are shown

to be capable of providing complementary information. The finalised system fuses

LGMS with DEEPS to yield a system outperforming state-of-the-art methods for

all types of sketches, including real-world forensic sketches. Moreover, the proposed

approach is efficient in terms of both computation time and template size, thereby

permitting its implementation in the real-world.
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Chapter 1

Introduction

The term biometric originates from the Greek words bios and metron, meaning

life and measurement, respectively. As a result, biometrics may be defined as the

measurements of living human bodies, or more formally as the use of unique physi-

cal or behavioural traits able to distinguish one person from another. Applications

range from security to forensics and even aid convenience by eliminating the need

to remember passwords or possess identification cards. Biometric traits commonly

used include fingerprints, hand geometry, iris, voice, and the face, each having

different strengths and weaknesses which determine their suitability for different

applications [1–5].

The face is a biometric trait that can be captured non-intrusively, at a distance,

and without the consent of a person, which has lead to its wide adoption in law

enforcement and surveillance and security applications [4,6–8]. Automated Face

Recognition Systems (FRSs) have therefore been employed to allow faster, more

reliable and more efficient identification of individuals.

There exist several types of FRSs, with traditional algorithms typically operating

on photos captured with a digital camera. However, recent research has focused

on FRSs which process face images spanning different image modalities. One im-

portant use of such algorithms is when no evidence is available at the scene of the

crime, except for the account of an eyewitness. In such cases, a forensic sketch

artist works with the eyewitness to create a face sketch which resembles as closely

as possible the face of the perpetrator. This is then disseminated to media outlets

and law enforcement officers so that anyone recognising the perpetrator can come
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forward with information leading to an arrest. However, this process is slow, not

guaranteed to be successful and does not utilise available resources. A system that

automatically matches a sketch to a gallery of mug-shot photos maintained by law

enforcement agencies would thus be of great benefit in such situations [9].

1.1 Background to Face Recognition

A FRS may be defined as a system that automatically processes face images with

the aim of identifying persons [5], with applications spanning from surveillance

and security to law enforcement. More specifically, FRSs compare a person’s face

image, typically captured in the visible band (VIS) (i.e. a photograph or frame

extracted from a video, captured by a normal digital camera) to a set of VIS face

photos in a database of similar quality to try and determine the person’s identity

[1,3,5,10,11], as shown in Figure 1.1. Since comparisons are being made between

images of the same modality, such algorithms can be labelled as homogeneous FRSs.

Although homogeneous Face Recognition (FR) includes any scenario where images

of the same modality are being compared, it is usually the case that comparisons

are being made between VIS images.

On the other hand, heterogeneous FRSs attempt to compare images spanning dif-

ferent modalities, e.g. a Near Infra-Red (IR) (NIR) image to a VIS image (NIR-

VIS matching) and a thermal Infra-Red (IR) image to a VIS image (Thermal-VIS

matching). Research in this type of systems has only emerged recently, to offer

Figure 1.1: Main steps required in an automatic FRS [7]
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(a) (e) (g)

(b) (c) (d) (f) (h)

Figure 1.2: Examples of VIS photos and sketches used in this work: (a) Photo of a subject
in the Color FERET database [13] and the corresponding viewed software-generated sketches
in (b) Set A and (c) Set B of the UoM-SGFS database [14] and (d) the corresponding viewed
hand-drawn sketch in the CUFSF database [15], (e) photo of a subject in the AR database [16]
and (f) the corresponding viewed hand-drawn sketch in the CUFS database [17,18], (g) photo
and (h) corresponding forensic hand-drawn sketch of a subject in the PRIP-HDC database [19].

solutions in numerous face recognition scenarios where the query image modality

does not match the gallery modality, the latter containing face images with known

identities. One example is when NIR images captured from Closed-Circuit Televi-

sion (CCTV) cameras at night need to be compared to a gallery dataset containing

VIS images. Indeed, although Heterogeneous Face Recognition (HFR) is defined as

the matching of face images captured in any two modalities, typically the gallery

dataset images contain VIS images [8,12].

Another HFR application involves the matching of photographs with sketches ob-

tained from eyewitness descriptions of a criminal (forensic sketch-VIS matching).

Sketches can either be drawn by artists, in which case they are called hand-drawn

sketches, or generated using computer software such as IdentiKit [20], FACES [21]

and EFIT-V [22], where they are called software-generated composite sketches [9].

Examples of such images are shown in Figure 1.2. In contrast to other HFR tasks,

face photo-sketch recognition must not only contend with the modality gap but

also other challenges that introduce several distortions and exaggerations in the

texture and structure of sketches when compared to the corresponding photographs

[10,19,23–25]:

• Modality Gap: photos and sketches bear inherent differences with respect to
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their texture, since photos are captured in the real natural environment in

VIS light whereas sketches are un-natural ‘synthetic’ images that are hand-

drawn or computer-generated.

• Memory Gap: a sketch may bear incomplete information regarding the sub-

ject, arising from the fact that eyewitnesses generally cannot exactly recall

the details of a suspect’s face due to memory loss effects. In addition, the face

shape might be exaggerated especially if the suspect has any distinguishing

characteristics, and texture might be lost or replaced.

• Communication Gap: Mis-communication between eyewitness and sketch

artist or difficulty in describing certain details may lead to inaccurate de-

tails in the sketch.

• Other factors : people tend to have difficulty in recognising and processing

faces of people belonging to races other than their own (known as the “other-

race effect”, and affects both eyewitnesses and forensic artists), and the styles

of hand-drawn sketches vary among different artists.

Due to the above challenges, sketches often do not resemble closely the corre-

sponding VIS photographs [12]. Viewed sketches drawn by artists whilst viewing

a subject or a photo of the subject have also been used in research as a stepping

stone to forensic sketches since they are easier to obtain, but are typically quite

accurate compared to the corresponding photographs since they mainly cater for

the modality gap only, and hence do not reflect real-world conditions. However,

these sketches typically do contain some deformations which still make their com-

parison with face photographs challenging (viewed sketch-VIS matching). Since

forensic sketches are typically distributed to the media and shown to the public

in the hope that any persons recognising the person in the sketch come forward

with information leading to an arrest, the time taken to identify a suspect can take

several weeks (if at all successful). Hence, automated algorithms capable of foren-

sic sketch-VIS matching can increase both the speed and success rates of criminal

apprehensions [7,9,19,26].

It can be argued that even VIS-VIS matching is not an easy task [1,7,8,27], due to

similarity between faces (e.g. identical twins), ageing and other challenges such as

different pose, lighting, and long distances between camera and subject as shown

in Figure 1.3. Consequently, much research has been focused on these areas to

4



Chapter 1. Introduction

 

Figure 1.3: The four main challenges in an FRS: (a) image taken under ideal conditions with
different (b) pose, (c) illumination, (d) expression and (e)-(g) ageing variations (subject in (a) is
(e) 32, (f) 21 and (g) 15 years younger) [7].

improve FR when photos are not taken under ideal conditions (frontal pose, good

lighting and close distance to camera, i.e. unconstrained FR). For example, Face

Super-Resolution (FSR) is an area which is dedicated to solving the problem of

capturing low-resolution face images (e.g. from CCTV cameras), where approaches

attempt to approximate high-resolution images from low-resolution images [25]

(whilst retaining important facial details that are vital for robust FR which may

have been lost due to the low resolution). Due to the challenges involved in FR,

it has been argued that FRSs do not replace humans, but rather augment their

capabilities by first employing FRSs to retrieve the top K matches from a database

containing thousands of subjects, where K is typically between 50 to 250 [6,7,12,

19,26], and then allowing humans to examine this small set of matches to identify

the subject [7,28] as shown in Figure 1.4. This is especially applicable in cases

involving challenging probe images and forensics applications where mistakes are

Figure 1.4: Forensic FR, a process that is not fully automatic but requires manual inspection
of the top K retrieved matches from a large gallery of mug-shot photos [7].

5



Chapter 1. Introduction

critical, and consequently lead courts of justice to typically require some manual

analysis to be involved when gathering evidence against a criminal.

1.2 Outline of the Dissertation

The rest of this dissertation is organised as follows: an overview of related work is

given in Chapter 2 followed by a description of work done in this research in Chap-

ters 3 and 4. The methodology used to analyse the performance of the proposed

methods and leading algorithms proposed in literature is given in Chapter 5 fol-

lowed by the corresponding results in Chapter 6. Concluding remarks are given in

Chapter 7 followed by a discussion of proposed future research in Chapter 8. More

in-depth analyses of the proposed methods are also provided, in Appendix A, while

additional results are given in Appendix B. Images depicted in this dissertation are

best viewed in colour and on a screen.
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Chapter 2

Literature Review

There exist several types of Face Recognition Systems (FRSs), as introduced in

Chapter 1. This chapter will give a review of the state-of-the-art work published

to tackle the problem of Heterogeneous Face Recognition (HFR), with a focus on

the area of face-sketch recognition.

An introduction to the main approaches adopted in developing HFR systems is

given in Section 2.1 followed by a review of the two main types of algorithms,

namely intra- and inter-modality algorithms, in Sections 2.2 and 2.3, respectively.

An overview of other sketch-based recognition tasks and of deep learning are given

in Section 2.4 and Section 2.5, respectively. A summary and concluding remarks

are finally given in Section 2.6.

2.1 Background to Heterogeneous Face Recogni-

tion

Heterogeneous FRSs, which compare face images in different modalities, can be

classified as either inter - or intra-modality techniques [6,10] as shown in Figure 2.1.

Inter-modality techniques are practically FRSs designed specifically to compare face

images in different modalities, by extracting features such as Scale-invariant Feature

Transform (SIFT) [29,30] and Local Binary Pattern (LBP) [31] from the images to

be compared and using the features themselves to determine the image similarities.
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Intra-modality techniques attempt to reduce the modality gap by transforming one

image into the domain of the other image. For example, in sketch-visible band

(VIS) matching, a sketch (or photo) may be transformed to a photo (sketch) and

the transformed sketch (photo), also known as a pseudo-photo (pseudo-sketch), is

then compared to a database containing photos (sketches) using any FRS.

Face Hallucination (FH) techniques encompass methods where new face images

are generated from other face images. One such group of techniques are known as

Face Super-Resolution (FSR) methods, which generate high-resolution face images

from low-resolution face images. FH also encompasses face photo-sketch synthesis

(i.e. intra-modality methods) [25] since a probe image needs to be transformed to

another image in both cases. The main advantage of such approaches is that any

FRS may be used for person identification once an image is synthesised. This is

especially useful when highly-performing FRSs which have been designed to cater

for effects such as ageing and illumination in the target modality are available.

However, intra-modality techniques are typically complex and require a significant

amount of time to generate a synthesised image which then needs to be compared

to images in the gallery by a FRS, further prolonging the time required to identify

the person in the query image. As a result, the authors of [6,15] argue that intra-

modality algorithms typically attempt to solve a more complex problem than the

recognition task. Moreover, the performance of the FRS employed depends on

the accuracy of the synthesised images. In fact, the synthesised images typically

contain artefacts which inhibit the face recogniser’s performance.

Recently, there has been a shift towards inter-modality approaches, which are

practically specialised modal-insensitive FRSs. Inter-modality methods extract

modality-invariant features from both photos and sketches such that inter-class

separability is maximised while maintaining intra-class differences. Hence, the

modality gap is reduced at the classification stage, whereas the modality gap is re-

duced at the pre-processing stage in intra-modality methods. Techniques to learn

feature representations may also be implemented [6]. Despite being faster than

intra-modality approaches, they are typically not designed to cater for challenges

encountered in real-life scenarios such as ageing and illumination, i.e. they are

designed for photos taken under ideal conditions (frontal pose, neutral expression,

uniform lighting) and cannot take advantage of any FRSs designed to cater for

these challenges in the required modalities.
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An overview of popular and state-of-the-art algorithms proposed in literature for

each of these two types of categories will now be given in the following Sections.

2.2 Intra-modality approaches

Intra-modality approaches aim to transform two images occupying different modal-

ities into a common modality, which is either one of the modalities of the original

images or another modality entirely. A Face Recognition System (FRS) capable of

matching the images in the transformed domain can then be used for recognition.

Face Hallucination techniques can be generally categorised as using either (i) the

Subspace Learning (SL) framework, (ii) the Bayesian Inference (BI) framework,

(iii) a combination of BI and SL, or (iv) Sparse Representation [25]. In the rest

of this section, FH techniques will be discussed with an emphasis on literature

tackling face-sketch synthesis. A more detailed review of FH techniques may be

found in [25].

2.2.1 Subspace Learning framework

Subspace learning approaches aim to find a subspace embedded within a higher di-

mensionality subspace such that a projection matrix calculated by solving a stan-

dard eigenvalue decomposition problem from training data samples can then be

used to project samples into the lower-dimensional subspace.

The Eigenfaces approach proposed in [37] was used in [17,33] to create the Eigen-

transformation (ET) method, whereby photos are transformed to sketches by as-

suming that the weights representing a reconstructed photo are identical to those

obtained if a reconstructed sketch were to be created. More specifically, in the tra-

ditional Eigenfaces approach [37], face photos are reconstructed by using a weighted

summation of a set of eigenvectors Up representing faces (consequently called Eigen-

faces) as follows:

~Pr = Up
~bp (2.1)
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where ~Pr is a column vector representing the reconstructed face photo and ~bp is a

vector containing the projection coefficients in the eigenvector space. As demon-

strated in [17], (2.1) may be rewritten as follows:

~Pr = ~̄P +
M∑
i=1

~c{i}p
~Φ{i} (2.2)

where ~̄P is the mean face computed over M training face images, ~Φ{i} = ~P {i} − ~̄P

is the centred face and ~c
{i}
p is a column vector of dimension M representing the

contribution of the ith training image ~P {i} in the reconstruction of a test face

image computed according to [17]. Hence, (2.2) shows that a reconstructed photo

can be approximated to the original image using a weighted linear addition of the

training images [17]. Since a photo and corresponding sketch should also be similar

in terms of structure, (2.2) may be modified such that the training photos ~P {i} are

simply replaced by the corresponding training sketches ~S{i}, as follows:

~Sr = ~̄S +
M∑
i=1

~c{i}p ~Ψ{i} (2.3)

where ~Sr is the reconstructed sketch, ~̄S is the mean sketch, ~Ψ{i} = ~S{i} − ~̄S and

~S{i} is a column vector representing the ith sketch. This is based on the hypothesis

that if a photo contributes more weight to a reconstructed face photo, then the

corresponding sketch will also contribute more weight to the reconstructed sketch

[17].

It was shown that the Eigentransformation approach [17,33] outperforms the geo-

metrical method (evaluating 26 measures of geometrical distances between fiducial

points in a face) and using Eigenfaces as a face recogniser (performing recognition

by treating a probing sketch as if it were a normal photo). Photo-to-sketch transfor-

mation was found to yield better performance than sketch-to-photo transformation

since photos contain more detail and hence information is being compressed into

a more compact representation in the former approach. Therefore, it is easier to

convert a photo to a sketch, since in sketch-to-photo synthesis the more difficult

operation of enlarging a compact representation to a full representation is being

performed. Lastly, the performance of the proposed approach was shown to be

superior to that of human beings in recognising sketches and shows that machines
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can be used for automatic database searching using sketches as the probe images.

The authors of [38] also transform photos to pseudo-sketches using the Eigentrans-

formation approach proposed in [17,33], but the algorithm is applied on both tex-

ture and shape separately to better satisfy the assumption that photos and sketches

can be transformed using a linear representation of a training photo subset. Face

photos and sketches are first normalised by representing them using a graph based

on coordinates of fiducial points. The points of images in the training set are used

to create a mean face shape which is then used such that face and sketch images

are warped to this mean shape using affine interpolation via a set of triangles.

Therefore, face images are aligned and texture and shape information can be ex-

tracted, followed by application of Eigentransformation on these two features. The

generated texture is then warped to the generated sketch shape to yield the final

synthesised pseudo-sketch. Recognition is performed using a Bayesian classifier

using shape and texture vectors, trained using the shape/texture vectors obtained

from real sketch and pseudo-sketches. The training set used to obtain the prob-

abilistic subspace was different than that used to obtain the Eigentransformation

coefficients. A total of 606 subjects from the CUFS database [39] were considered.

It was shown that the proposed system outperformed Eigenfaces (Principal Compo-

nent Analysis (PCA)) and the Elastic Bunch Graph Matching (EBGM) algorithm

proposed in [40], and that the combination of texture and shape features improves

recognition rate compared to when transformation and recognition is performed

using (i) the two features separately and (ii) the whole cropped faces as was done

in previous work. Lastly, the proposed system was also shown to outperform hu-

man sketch recognition using 100 photo/sketch pairs from the testing set and 30

candidates to rank the top 10 photos which best match a given sketch.

A local geometry preserving-based non-linear SL method is used in [34] to learn

the mapping between photos and (viewed) hand-drawn sketches to enable trans-

formation of photos to pseudo-sketches, inspired by the Locally Linear Embedding

(LLE) manifold learning technique. The basic assumption is that small image

patches in photos and sketches form manifolds having similar local geometry in

the two image spaces such that a pseudo-sketch can be reconstructed by using K

neighbours of each data point (i.e., patches) to compute a neighbour-preserving

mapping between the original high-dimensional data and low-dimensional feature

space [34]. This approach is fundamentally similar to ET except that synthesis is

performed locally using a subset of the training images rather than all of them.

12



Chapter 2. Literature Review

In fact, Equations (2.1) to (2.3) may be extended for LLE by evaluating them on

each patch in an image, letting M = K and calculating the weights ~c
{i,j}
p using

the approach described by the authors of [34]. More specifically, Equation (2.3)

showing the required synthesised sketch may be modified for LLE as follows:

~S{j}r = ~̄S{j} +
K∑
i=1

~c{i,j}p
~Ψ{i,j} for j = 1, 2, . . . , n . (2.4)

where n is the number of patches, S
{j}
r is the jth patch of the synthesised sketch,

~Ψ{i,j} = ~S{i,j}− ~̄S{j}, ~S{i,j} is the ith training sketch of patch j, ~̄S{j} is the jth mean

patch and ~c
{i,j}
p are the reconstruction weights for the jth patch derived using the

ith training face image. However, since the non-linear relationship between photos

and sketches is being approximated using a linear combination of neighbouring

patches, it can be argued that this process is not truly non-linear [41]. Once the

pseudo-sketches are synthesised, Kernel-based Non-linear Discriminant Analysis

(KNDA) is used to match a probe sketch with the pseudo-sketches. This approach

combines the non-linear kernel trick with Linear Discriminant Analysis (LDA) and

caters for the fact that there exist complex non-linear variations in sketches and

pseudo-sketches caused by man-made distortions and blurring artefacts. Similarity

measurement is performed by finding the distance between the projections of the

probe sketch and pseudo-sketches into the non-linear subspace produced by KNDA,

using the magnitude of the difference of these projections. It was demonstrated

that the proposed approach is able to create pseudo-sketches which are closer to

the true sketches than PCA (Eigenfaces).

The authors of [42] argued that sketch-to-photo synthesis is a better approach than

photo-to-sketch synthesis in practical applications, since transformation of photos

to sketches involves loss of information due to the simpler nature of sketches. In

addition, variations in illumination can cause artefacts when synthesising sketches

using live footage. As a result, a sketch-to-photo synthesis approach is proposed,

where eigenvectors are obtained using both sketches and photos in a training set

(i.e. using the traditional PCA/Eigenfaces [37] approach on both types of im-

ages simultaneously rather than individually as is typically done). The resultant

eigenfaces of a sketch and photo of a subject are correlated and look similar, as

opposed to eigenfaces obtained by training on photos or sketches separately. Due

to differences in intensity between the original photos and transformed photos, ad-
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vanced correlation filters [43] are then used for recognition. Rank-1 retrieval rates

of 100% were achieved on the CMU-PIE database [44] for two types of illumina-

tion (with/without ambient light), even when only a few eigenvectors (∼ 30%) are

used. However, sketches used in this experiment were obtained using a non-linear

sketch function available in a photo editing program, and thus the sketches do not

accurately represent neither hand-drawn sketches nor software-generated sketches,

which contain inaccuracies even in the case of viewed sketches.

2.2.2 Bayesian Inference framework

Methods using the BI framework synthesise photos or sketches by exploiting prob-

ability models, such as in the approach by the authors of [18] where the relation-

ships between local patches were modelled using Multiscale Markov Random Fields

(MRFs) via the Maximum a Posteriori (MAP) rule. Image quilting is also utilised

to reduce the blurring and blocking effects created when using the popular averag-

ing technique to stitch overlapping patches. Random Sampling Linear Discriminant

Analysis (LDA) (RS-LDA) was then used for recognition to attain better perfor-

mance than Eigenfaces, the method proposed in [34], and Eigentransformation [17].

The method was also shown to be relatively robust to pose variations.

The work in [18] was extended in [45] to cater specifically for lighting and pose

variations by using shape priors designed for specific facial regions, more robust

metrics to find candidate patches, and consideration of intensity and gradient com-

patibility when matching neighbouring sketch patches. The effectiveness of the

proposed approach was validated on the CUHK student database consisting of 188

photo-sketch pairs.

The authors of [46] proposed the Markov Weighted Fields (MWF) model, which

uses a weighted MRF to model the relation between photo and sketch patches

to enable the synthesis of new sketch patches (i.e. patches not available in the

training data) using a linear combination of 10 candidate patches. A cascade

decomposition method is also used for the large-scale optimisation required in the

proposed approach. It was shown that the good quality images could be synthesised

even under varying pose and illumination conditions as shown in Figure 2.2.

A non-linear photo-to-sketch synthesis approach was proposed by the authors of
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[41,47], using the Embedded Hidden Markov Model (HMM) (E-HMM) Inversion

(E-HMMI) algorithm [48,49] to learn the non-linear mapping for photo/sketch

pairs. The E-HMM and related E-HMMI do not require many training samples and

consist of five super-states in the proposed approach, one each for the forehead,

eyes, nose, mouth, and chin. Multiple models are then obtained for the train-

ing images and used to generate several pseudo-sketches which are fused together

using the selective ensemble machine learning technique to improve the generalisa-

tion ability of the proposed system and thus allow synthesis of more accurate face

pseudo-sketches. Recognition between probe sketches and pseudo-sketches is then

performed with Eigenfaces. Using photo/sketch pairs from the Chinese University

of Hong Kong (CUHK) database and a leave-one-out train/test methodology, it was

shown that the 95.24% recognition rate using this approach was higher than that

obtained using (i) no transformation (i.e. comparing sketches and photos directly)

(19.05%) and (ii) the technique proposed in [34] (described above) (71.43%). Using

the Universal Image Quality Index (UIQI) metric as a measure of quality/similarity

between the original sketches and corresponding synthesised sketches, it was also

Figure 2.2: Examples of synthesised sketches with pose variation: (a) Original photo, (b)
Images synthesised using approach in [18], (c) Images synthesised using approach in [45], (d)
Images synthesised using approach in [46]
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shown that the pseudo-sketches were more similar to the real sketches.

The recent method of [24] uses images in the Memory Gap Database (MGDB)

that was also created for use in [24], containing sketches of 100 subjects that are

constructed 1 and 24 hours after being viewed by an eyewitness, and also viewed

and un-viewed sketches (where the latter are sketches that were viewed by an

eyewitness and then immediately described to the forensic artist, thus modelling

primarily the communication gap). Multi-task modelling using Gaussian Process

Regression is then employed to model the memory and communication gaps and

synthesise images that aim to reverse the effects of these gaps. The authors indicate

that fidelity of the reconstructed sketches with respect to the corresponding photos

can be improved and lead to improved matching performance.

2.2.3 Combination of Bayesian Inference framework and

Subspace Learning framework

Approaches combining BI and SL have also been implemented, however most focus

on face super-resolution. One approach that considers face-sketch synthesis is the

statistical inference approach named Bayesian Tensor Inference proposed in [35],

which first uses a method similar to that described by the authors of [34] to obtain

an initial estimate and then uses the Bayesian MAP framework to estimate the

high-frequency residual errors, which can be used to obtain more detailed images.

Although the more complex problem of sketch-to-photo transformation was tackled

with encouraging results, a large part of the database considered was used for

training and only a limited set was used for testing with no indication of face

matching rates.

2.2.4 Sparse Representation-based methods

Sparse-representation-based approaches decompose a signal into a combination of

basis signals and choose those which represent the original signal in the most com-

pact manner, with the aid of coupled dictionaries. Similar to algorithms using a

combination of BI and SL above, most literature using sparse representation deals

with the problem of face super-resolution.
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An approach utilising sparse representation for face-sketch synthesis was proposed

in [36], where sketches are synthesised from photos using a coupled dictionary on a

local level. In other words, reconstruction is performed using overlapping patches

whose overlapping areas are averaged in the final image under the assumption that

corresponding face photo and sketch patch share a common sparse representation.

The use of sparse representation follows the observation that sparseness is involved

in human perception and human vision [36]. Compared with sketches synthesised

by the approaches described in [18,34] on the CUHK dataset, it was shown that

sketches generated with sparse representation yield sketches with acceptable quality

with relatively low computation time.

The work in [36] was extended in [50] to reduce blocking artefacts by using a

smoothness-constrained method across patches that is modelled as an energy min-

imisation function problem. To improve efficiency, a series of small-scale convex

optimisation are utilised [50]. Using the 188 photo-sketch pairs in the CUHK stu-

dent database, it was shown that the proposed method synthesises sketches from

photos that are subjectively superior to those generated using the method proposed

in [34] and comparable to the more time-consuming method proposed in [18].

The authors of [51] use sparse neighbour selection (SNS) to find close neighbours

and create an initial estimate of pseudo-sketches or pseudo-photos followed by

sparse-representation-based enhancement (SRE) for further quality improvement

by constructing a coupled sparse representation model of the relationship between

photo and sketch patches. Using the sparse representation classification (SRC) [52]

algorithm for recognition, which was shown to outperform the Eigenfaces [37], Fish-

erfaces [53] and Locality Preserving Projection (LPP) [54] algorithms, the SNS-SRE

algorithm outperformed the methods proposed in [34,55,56] in terms of recognition

rates on a private database containing five sketches drawn by different artists for

each of the 200 subjects considered.

Lastly, the recently proposed method in [57] obtains the sparse coefficient for each

overlapping patch of an image and uses a greedy search algorithm to find the closest

neighbouring patches in the training set. High frequency information/intensity of

the test patch and the candidate photo patches are used to improve the selected

neighbours. Bayesian inference using the Markov network is finally implemented

to synthesise the final sketch image. For neighbour selection, all patches are used

rather than those within a close local region with little increase in computation
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time. The proposed algorithm was also shown to be robust to lighting, pose, align-

ment and background variations as well as to hair and accessories such as eye

glasses and hairpins which may not be present in the training set images. The

quality of synthesised sketches was also shown to be superior to those proposed

in [18,34,46,51,58,59] using the Structural SIMilarity index (SSIM) [60] and Fea-

ture SIMilarity index (FSIM) [61] objective Image Quality Assessment (IQA) met-

rics, while rank-recognition performance was also comparable to the approaches

proposed in [46,58] for sketches corresponding to subjects in the CUHK and AR

databases and superior to all approaches considered on the XM2VTS database [57].

2.3 Inter-modality approaches

Inter-modality algorithms learn or extract modality-invariant features such that

inter-class separability is maximised whilst maintaining intra-class differences [6,

62,63]. In essence, they could be described as specialised FRSs [7].

The authors of [64] presented one of the first feature-based approach, in which 128-

D SIFT descriptors were computed at overlapping patches in photos and sketches.

Two approaches were then considered for matching: (i) direct matching, in which

the descriptors of all patches are combined for each photo and sketch, respec-

tively, and then compared using Euclidean distance, and (ii) common representa-

tion matching, where the distance between the feature descriptors of each patch

and patches of photo-sketch pairs in a dictionary are evaluated using probe sketches

and training sketches, and gallery photos and training sketches, respectively. The

distance between resultant vectors containing the common representations of probe

sketches and gallery photos are then evaluated for person identification. This ap-

proach was implemented due to the concern that directly comparing SIFT descrip-

tors obtained from photos and sketches would be unsuccessful due to the modality

gap. As shown in Figure 2.3, the descriptors are in fact quite similar. In addition,

SIFT descriptors were computed at two scales to yield a multi-scale representation.

The fusion of the two matching approaches yielded the best performance at Rank-1

on the CUFS dataset of viewed hand-drawn sketches [39], followed by the direct

matcher, the common-representation matcher, the MRF synthesis approach in [18]

(ref. Section 2.2), the FaceVACS commercial FRS [65] and Eigentransformation

[38], respectively. However, at higher ranks, the MRF algorithm in [18] outper-
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formed the fused feature-based approach. Fusion of the feature-based approach

with FaceVACS yielded further improvements in matching accuracy.

The approach proposed in [66] uses the Haar Transform on both sketches and

photos to project the two types of images into a common modality. Diagonal details

(HH decomposition) were used at scale 3. The corresponding negative images are

then derived, followed by application of PCA for feature reduction. K-Nearest

Neighbour (NN) (K-NN) and Support Vector Machine (SVM) were then considered

separately for identification of a probe sketch from a gallery of photos. It was

shown, using the Root Mean-Square Error (RMSE), that the modality difference

was reduced with the transformed images. In addition, the proposed approach

outperformed the Eigentransformation [17] and LLE [34] approaches, particularly

at lower ranks. However, the train/test methodologies of the algorithms considered

and the proposed approach were not the same; specifically, the authors of [66]

trained the algorithms on a set of 100 photos whose corresponding sketches were

used for testing, whereas the other two approaches contained different subjects in

the training and test sets.

A feature-based approach designed to match forensic sketches was proposed in

[9,67], where the SIFT and Multiscale LBP (MLBP) feature representations are

employed due to the success achieved in previous works [64] and [68]. Each feature

representation is computed on sliding windows with sizes of 16×16 and 32×32

(for both photos and sketches) and combined using the sum fusion rule, which

is also used to combine MLBP and SIFT scores. To counteract the problems

of high-dimensionality and the small sample size problem, an ensemble of linear

discriminant classifiers termed Local Feature-based Discriminant Analysis (LFDA)

is implemented as a training strategy by performing discriminant analysis on the

Figure 2.3: Similarity between sketch and photo patches of the same subject: (a) SIFT descrip-
tors computed at the patch in the sketch shown in (b) and the photo shown in (c) [64]
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concatenation of feature descriptor vectors derived from patches in the vertical

direction. Evaluation was performed on the CUFS dataset [18,39], using 306 photo-

sketch pairs for training and the remaining 300 pairs for testing, where it was shown

that the proposed approach outperformed the SIFT-based algorithm in [64], the

MRF algorithm in [18] and the FaceVACS Commercial Off-the-Shelf (COTS)-FRS

[65]. It was also shown that the combination of MLBP and SIFT yields the best

performance compared to the use of MLBP and SIFT individually and that LFDA

improves recognition performance. A set of 159 hand-drawn forensic sketches and

a gallery of 10,159 mug shot images were also considered, where classification of

sketches was performed depending on their resemblance to subjects depicted in

the mug shot photos. Specifically, 49 sketches were labelled as ‘good’ (i.e. only

around 31% of the total number of sketches) while 110 were labelled as ‘poor’. A

significant difference in performance was reported for these two sets of sketches,

highlighting the challenge of face recognition using forensic sketches. Training the

proposed approach on the viewed sketches (due to the limited number of forensic

sketches), it was shown that its Rank-50 retrieval rate of 32.65% outperforms the

8.16% retrieval rate obtained by FaceVACS. In addition, the performance of the

proposed approach using poor sketches was roughly similar to the performance of

FaceVACS when the latter used good sketches. Lastly, it was observed that several

incorrect Rank-1 retrievals when using good sketches were due to the fact that the

retrieved faces were visually more similar to the sketch than the true subject. This

further emphasises the difficulty of matching forensic sketches, which often contain

incomplete and inaccurate information [9].

Galoogahi and Sim [10] indicate that the modality gap between face photos and

sketches is caused by differences of visual information. In addition, the largest

modality gap is in visual information of fine face texture (low contrast areas of

skin such as moles and shadows/light reflections). Moreover, the synthesised im-

ages of intra-modality methods greatly affect the success of the face recognition

method employed. As a result, the authors of [10] argue not only that modality

gap reduction in the feature extraction stage is preferable to modality transforma-

tion, but also indicate that feature extraction should be done using coarse texture

(representing facial component boundaries with high contrast) since it has minimal

effect on the modality gap. This is achieved by using a descriptor called Histogram

of Averaged Orientation Gradients (HAOG). In this approach, orientation gradi-

ents are extracted on both fine and coarse textures but squared magnitudes are

used to emphasize coarse textures and weaken fine face textures at the same time
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since coarse textures are typically characterised by higher (stronger) magnitudes.

The Chi-Square distance between a histogram describing a probe sketch and a his-

togram describing a photo from the gallery) is used for recognition. Compared with

the methods proposed in [9,15,18] on the CUFS dataset [39], it was shown that the

proposed method achieved the highest recognition rate, of 100%. It was also shown

that the proposed approach provided better discrimination than the related His-

togram of Orientation Gradients (HOG) descriptor. However, it is known that the

CUFS database contains sketches which resemble very closely the original sketches,

and therefore do not truly represent sketches obtained in real-world scenarios.

The Prototype Random Susbspaces (P-RS) approach proposed in [12] represents

each image as a vector of kernel similarities to a set of prototypes. This is done by

filtering each image with a Gaussian filter, a Difference of Gaussian (DoG) filter

and a Centre-Surround Divisive Normalisation (CSDN) filter to (i) compensate for

intensity variations and (ii) cater for differences in appearance between modalities.

128-D SIFT (HOG) and 236-D MLBP feature descriptors are then extracted from

overlapping patches of these filtered images. Hence, there are six feature repre-

sentations for each image. The cosine kernel is then used to compare the feature

descriptors of a test image with those of the prototypes. Feature projection is per-

formed using RS-LDA and final matching is performed using the cosine similarity

measure. Scores from each of the filters are then added after min-max normalisa-

tion. It was shown that P-RS outperforms the FaceVACS COTS FRS on thermal

Infra-Red (IR), NIR, viewed sketch and forensic sketch images. The algorithm

was also shown to outperform the the Direct Random Subspaces (D-RS) approach

proposed in [69] (which is similar to the proposed approach but computes similar-

ities directly rather than using kernel similarities) on all the different modalities

considered except on hand-drawn sketches.

Following the observation that most software-generated sketches are constructed us-

ing individual facial components (e.g. face shape, hair, eyes etc.), the authors of [6]

proposed the Component-Based Representation (CBR) system where a component-

based representation is employed to describe both face photographs and composite

sketches by segmenting each image according to its components and then extract-

ing MLBP descriptors from overlapping patches. Matching is first done patch-wise

and then the scores from all patches are added to yield a component score. The

scores from all components are finally summed to yield the final score. It was shown

that the best matching performance, which outperformed FaceVACS, was achieved
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using only the four most discriminative components (eyebrows, nose, hair and

mouth). It was also observed that the quality of the software-generated sketches

depends not only on the composite sketching software used but also on the user of

the system due to the “other-race effect”, where people of a certain race have dif-

ficulty recognising faces of people belong to other races [70,71]. Consequently, due

to the cross-race bias, an Asian user would choose facial components which s/he

is familiar with when sketching Caucasian subjects. In fact, since under 5% of the

123 subjects in the AR database are non-Asian, sketches created by a Caucasian

user achieved significantly higher recognition rates than the sketches created by an

Asian user (difference in rank-200 retrieval rates of about 20%). This also affects

the performance of any face-sketch recognition system used.

The D-RS holistic-based algorithm in [12] and the CBR component-based algo-

rithm in [6] were compared in [26] by utilising 75 mugshots with corresponding

forensic hand-drawn and software-generated sketches, and a gallery populated with

10,000 mugshots from the Pinellas County Sheriff’s Office (PCSO). The hand-

drawn sketches used were created by sketch artists for real-world criminal investi-

gations, while the composite sketches were obtained by first asking volunteers to

view a mugshot of a suspect for one minute and then describing the facial features

two days later to a FACES operator, who used a cognitive interview technique

[72,73] to enhance the volunteer’s memory of the mugshot observed. It was shown

that the two approaches yield similar performance but CBR achieves the highest

overall retrieval rates, and performance on composite sketches was superior to that

attained on hand-drawn sketches when training was applied.

The work done by the authors of [26] was extended in [19], where a deployable

software system called FaceSketchID is proposed. It uses modified versions of the

D-RS and CBR algorithms proposed in [12] and [6], respectively, whose scores are

combined to provide a single matching score. Modifications were done not only

to tune performance but also to improve speed. The system was evaluated using

viewed and forensic hand-drawn and software-generated composites, and hand-

drawn sketches based on low-quality images captured from surveillance cameras.

An extended gallery of 100,000 mugshots from PCSO is also utilised. It was shown

that the databases from which the training images are acquired can significantly

affect matching performance, D-RS outperforms CBR when the algorithms use

the same training methodology, the fusion of CBR and D-RS provides the best

performance which exceeds that of three COTS systems considered in this study,
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and demographic filtering of subjects can improve performance considerably.

Approaches which compare two different types of images using coupled projections

have also been proposed, with the most prominent methods including Canoni-

cal Correlation Analysis (CCA) [74,75], Coupled Locality Preserving Mappings

(CLPM) [76], Simultaneous Discriminant Analysis (SDA) [32], Coupled Marginal

Fisher Analysis (CMFA) [77], Coupled Spectral Regression (CSR) [78], two im-

plementations of the Locality Constraint in Kernel Space (LCKS)-based coupled

discriminant analysis method proposed in [63], and Maximum-Margin Coupled

Mappings (MMCM) [79]. However, these algorithms have been implemented for

the task of comparing high- and low-resolution photos, with the exceptions of

the approaches in [63,78] where VIS-NIR comparison was also performed and the

method proposed in [79] where ocular recognition was considered. In addition,

multiple images per subject are required, thus making them unsuitable for the area

of face-sketch recognition since only one sketch is typically created per criminal

(even when multiple witnesses are present).

An algorithm using the concept of coupled projection was proposed by the authors

of [15], where Coupled information-theoretic encoding was used to maximise the

mutual information between features obtained from photos and sketches and there-

fore allow high correlation between codes obtained from photos and sketches of the

same subject. In turn, this leads to a low inter-modality gap. Hence, in contrast

to most inter-modality approaches, the modality gap is reduced at the feature ex-

traction stage rather than the classification stage [15]. More specifically, photos

and sketches are first aligned using affine transformation and then processed with

a DoG filter to remove high- and low- frequency illumination variations. Next,

the horizontal and vertical image gradients are computed and the neighbouring

pixels of each pixel are sampled to form one vector per pixel. These vectors are

encoded using a Coupled Information Theoretic Projection (CITP) tree, followed

by construction of histograms on local regions of the resultant codes which are

concatenated for the final Coupled Information-Theoretic Encoding (CITE) de-

scriptor. These are used by a PCA-Linear Discriminant Analysis (LDA) classifier

to compute the dissimilarity between a photo and sketch. A Randomised CITP

Forest is utilised such that multiple trees are created, allowing the creation of mul-

tiple CITE descriptors which are fused using linear SVM. The proposed approach

was shown to outperform several methods, including the MRF [18] and LFDA [9]

approaches, when evaluated on the CUFS database and the CUFSF database that
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was used for the first time in [15].

An analysis into the use of multiple sketches was performed in [80], by analysing

any benefits that can be acquired through several types of fusion strategies. Both

viewed hand-drawn and software-generated sketches were utilised. For the methods

considered, it was shown that the use of multiple sketches at test-time can indeed be

beneficial, with the best fusion techniques determined to be pixel-level and score-

level fusion. However, no performance gain was achieved in the case of software-

generated sketches. In addition, the quantity of subjects and number of sketches

per subject used were limited.

A graphical representation-based method was proposed in [81] by using Markov net-

works to represent heterogeneous image patches separately, thus considering spatial

information. The proposed approach was shown to yield promising performance in

several HFR tasks including hand-drawn and software-generated sketches.

The authors of [82] used a genetic algorithm to train weights for features extracted

locally using HOG [83] and Histogram of Image Gradients (HIM) [84] features, and

applied transfer learning by first performing training with hand-drawn sketches and

then using a subset of software-generated composite sketches to tune the parame-

ters. It was shown that transfer learning was beneficial, and that the use of both

HOG and HIM features yielded the best performance.

Finally, the authors of [85] propose a common encoding feature discriminant ap-

proach where intensity values are sampled into eight vectors for each pixel, which

are then encoded using a feature transformation function that is learned from train-

ing data that is optimised to reduce the mean square error. The resultant coded

image is then divided into patches of varying sizes, to enable multi-scale testing,

from which histograms are extracted. The histograms from each patch and each

scale are concatenated into one vector that is divided into slices on which PCA

followed by LDA is applied. The result is projected using a method based on ex-

pectation maximisation with final comparison performed using the cosine distance.

The method was shown to outperform several algorithms proposed in literature

including LFDA [9] and CITE [15], and was also found to be effective for VIS-NIR

matching. However, an extended gallery to mimic the extensive mug-shot galleries

was not considered.

More information about inter-modality algorithms may also be found in [25,86].
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2.4 Other sketch-based recognition tasks

Caricatures that are purposely exaggerated and distorted versions of the origi-

nal face, as shown in Figure 2.4 can also be considered as sketches along with

viewed, semi-forensic and forensic sketches. Since caricatures are not typically

used in forensic investigations and largely depict simplified (but sometimes highly

distorted) versions of a face image [87], they are not considered in this research.

More information may be found in [12,23,87].

Some work has also been done on image retrieval using objects depicted in sketches.

Since the task tends to involve comparison among different objects which typically

exhibit greatly varying attributes (instead of recognition of the same object type

as in the case of face photo-sketch recognition), object identification and retrieval

using sketches can be considered a simpler task that is also less affected by mem-

ory and communication problems. Consequently, this line of research is also not

investigated in this work. More information may be found in [88–91].

(a)

(b)

Figure 2.4: Two other types of sketches: (a) Sketch of an object and the corresponding valid
matching photographs [88], (b) a caricature and the corresponding photograph of subject [23].
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2.5 Deep Learning

Deep learning is a field that has attracted much attention in recent years due to the

great performance that has been attained in several application domains, including

traditional VIS-VIS FR. Since a deep learning-based system is proposed in this

research, a brief background to deep learning will be given in Section 2.5.1 followed

by an overview of state-of-the-art deep learning-based FRSs in Section 2.5.2.

2.5.1 Background

Neural Networks (NNs) have been used successfully in several machine learning

tasks such as object recognition and natural language processing, and aim to em-

ulate the vast networks of neurons that are used in biological brains to perform

complex tasks. Indeed, as shown in Figure 2.5, the main component of NNs is

the artificial neuron that outputs a value dependant upon the inputs and their

importance, the latter controlled by weights. A bias term ~b is also included, as

follows:

output = f(~w · ~x+~b) (2.5)

where ~w and ~x are vectors whose components represent the weights and inputs,

respectively, and f(z) is an activation function where generally z = w · x + b. A

popular activation function is the sigmoid function:

f(z) =
1

1 + e−z
(2.6)

A network typically consists of several layers of artificial neurons, where each con-

nection to a neuron has its own weight and every neuron has a bias value. Since

neurons in later layers use the results of previous neurons, they generally make

decisions at more abstract and complex levels than neurons in the initial layers

[92–94]. The layout of a network is thus defined by the number of hidden layers

and the amount of artificial neurons in each layer, which determine the number

of weights and biases to be learned. Training a network to find optimal values
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Figure 2.5: Example of a neural network [92]

for these parameters involves the minimisation of some cost function1, such as

the Mean Square Error (MSE) or log-likelihood function, via its gradient. This is

typically done using backpropagation of gradients with Stochastic Gradient Descent

(SGD), where the objective function is minimised iteratively (i) over several batches

that each contain a subset of the training data samples and (ii) over a number of

epochs, where each epoch encompasses all the samples in the training set. Given a

cost function C, a weight wk and a bias bj are updated as follows [92]:

wk → w′k = wk − η
∂C

∂wk
(2.7)

bj → b′j = bj − η
∂C

∂bj
(2.8)

where η is the learning rate controlling the amount by which the parameters are

adjusted. Stochastic gradient descent has also been modified to use a momentum

coefficient µ controlling the rate of change of the parameters [92]:

vk → v′k = µvk − η
∂C

∂wk
(2.9)

wk → w′k = wk + v′k (2.10)

1Also known as the objective or loss function
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Figure 2.6: Example of a DCNN, showing the basic elements. Input layer contains 10 rows and
10 columns of neurons, corresponding to pixels in a 10×10 image. As shown in Equation (2.11),
a matrix of weights W, called a kernel, is applied to a group of neurons of size 3×3, called the
local receptive field. This kernel is shared for all neurons. Three different kernels are applied,
representing three features. A bias b is also shared among the neurons for each filter. Neurons
in the first layer typically apply an activation function such as the sigmoid or ReLU functions.
Next, groups of neurons are pooled to yield a single value; in this case, the max-pooling operator
is applied on groups of 2×2 neurons, to yield the maximal value in each group. The final layer
consists of all neurons in the second layer connected to all output neurons, thereby called a
fully-connected layer. These typically correspond to class labels or a feature vector.

Deep networks are conceptually similar to neural networks, but contain more lay-

ers. These ‘deeper’ networks are able to learn more powerful functions and capture

more complex information from the training data [92,95–99], but in practice they

are also harder to train due to issues such as the ‘vanishing gradient’ and the re-

lated ‘exploding gradient’ problems, hyper-parameter selection, choice of network

architecture, etc. [92,100]. Much research has been done to develop techniques

capable of overcoming these issues, including weight initialisation methods and

regularisation techniques such as dropout, where a random selection of neurons are

disabled to effectively allow the network to learn the average effects of a large num-

ber of different networks [92,94,101], and the recent batch normalisation technique

proposed in [102].

The Deep Convolutional Neural Network (DCNN), an example of which is shown

in Figure 2.6, was designed to exploit spatial structure in images as demonstrated

in the seminal work of LeCun et al. [103]. It is also able to reduce the substantial

number of trainable parameters that arise from deep networks. In DCNNs, a neuron

in a layer is connected to a small region of neurons in the previous layer called the

local receptive field. The same weights and bias used for a region are also applied

for the rest of the regions in the same layer. More specifically, the output for the
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j, k-th hidden neuron for feature i at layer l is as follows [92]:

output = f

(
bi,l +

N∑
n=0

M∑
m=0

wln,ma
i,l−1
j+n,k+m

)
(2.11)

where N and M are the vertical and horizontal sizes, respectively, of the receptive

field, and ac,dx,y is the activation from the input neuron at location x, y for feature

c at layer d. Hence, a layer utilising a 5 × 5 local receptive field will need just 25

weight values and one bias value. Consequently, the neurons detect the same type

of feature but across different locations in the input image, which not only helps to

reduce the number of parameters in a neural network but also allows for translation

invariance. The operation in Equation (2.11) is often referred to as convolution,

from which the name of the DCNN is derived, while the shared weights and bias are

often referred to as defining a filter or kernel. Hence, an input image is convolved

with the set of filters in a convolutional layer, which are learned over a number of

batches and epochs such that they can accomplish the required task2 as successfully

as possible. It should be noted that the convolutional layers are linear, requiring

other types of layers to enable non-linearity. Examples include the use of activation

functions such as the Rectified Linear Unit (ReLU)3 having the form:

f(z) = max{0, z} (2.12)

Pooling layers which output a single value for a group of neurons are also used

to simplify the information output from a convolutional layer. Commonly used

functions include max-pooling and mean-pooling where the output is simply the

maximum or average of the activations considered, respectively. Additionally, fully-

connected layers consist of neurons which are connected to all of the neurons in the

previous layer (similar to traditional neural networks) and are essentially special

cases of the convolutional layer [93,104]. The final layer in any network includes

neurons which output a results such as a class label, typically using a function such

2Tasks performed by a deep network can include (i) regression where another image is output
(e.g. a network trained for de-blurring will output a sharpened version of a blurred image pre-
sented to the network), (ii) a feature descriptor or (iii) the class of the input image (e.g. the type
of object present in the image)

3Rectified linear activation functions often enable higher performance than other functions;
while it is believed that this may be due to the avoidance of saturation in ReLUs, the superior
performance is still not well understood[92]
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as softmax defined as follows [92]:

f(zL) =
ez

L
j∑

k e
zLk

(2.13)

where zLj is the j-th output neuron in the last layer L. Hence, the output of a

neuron is practically normalised by the sum of the outputs of all neurons in the

layer. Hence, the outputs of the final layer can be thought of as corresponding to

a probability distribution, since all values are positive and always sum to one [92].

When training a network, the final layer is followed by an objective function as men-

tioned previously, which is typically removed prior to network deployment (when

the net is used for evaluation after the network has been trained). Consequently,

a DCNN will ultimately learn a function obtained through a series of linear and

non-linear layers [93].

Deep networks are often slow to train on Central Processing Units (CPUs), which

are not optimised to exploit the parallelisation of the vast number of operations

entailed by these networks. On the other hand, Graphical Processing Units (GPUs)

allow much parallelisation and are well-suited to handle matrix operations that can

be used in DCNNs to improve efficiency, especially when equipped with libraries

designed to optimise functions that are used for deep learning such as the NVIDIA

CUDA Deep Neural Network (cuDNN) library [105]. Significant speed-ups are

thus obtained, typically amounting to approximately 10 times the rate achieved by

CPUs [104] (depending on the CPUs and GPUs used).

A more detailed review of neural networks and deep learning may be found in

[92,93,106].
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2.5.2 Deep Learning-based Face Recognition

One of the earliest and most popular deep-learning approaches is the AlexNet

DCNN architecture [94] that was trained for the task of object classification. Sev-

eral superior approaches based on deep-learning have since been introduced, along

with new methods to improve the performance of a network. Of particular inter-

est in this paper are face recognition methods such as Facebook’s DeepFace [107]

that was extended in [108], the further extension of DeepFace in the DeepID se-

ries [109–112], Google’s FaceNet [113], the end-to-end face verification systems in

[114,115], and VGG-Face [93], which have provided important observations such

as the superior performance that is generally obtained by using more layers [112],

the benefit of a high amount of training data (especially for ‘deeper’ networks hav-

ing more trainable parameters) [93,113], the use of multiple DCNNs [109], and a

“triplet-based” objective function which aims at decreasing the distance between

features of the same subject and increasing the distance between features of differ-

ent subjects [93,113]. Deep learning-based face recognition methods are typically

reported to achieve over 90% accuracy on popular datasets such as Labelled Faces

in the Wild (LFW) [116], alluding that the problem of face recognition is largely

solved. However, the recent MegaFace challenge involving a large number of sub-

jects in the gallery (1 million face images of 690,572 subjects) has shown that

even the top-performing FaceNet method, which attained a near-perfect accuracy

on the LFW dataset, exhibited a significant loss in performance to approximately

75% accuracy [117]. Indeed, the saturation of performance on popular datasets

such as LFW and YTF has led to the creation of the IANUS Jarpa Benchmark A

(IJB-A) dataset and its extended version, Janus Challenging Set 2 (JANUS CS2)

which pose greater challenges to face recognition algorithms [114,118]. The recent

study in [119] also demonstrated the significant challenge of a large gallery by us-

ing 80 million face images, where it was further shown that an approach utilising a

DCNN (based on the one described in [120]) yielded the best performance among

the methods considered whilst requiring low computation times. Thus, while it is

evident that the problem of face recognition is far from solved, the results achieved

by deep learning-based algorithms is encouraging. More information regarding

deep-learning-based FRSs may be found in [93,109–114].

To the best of the authors’ knowledge, few works have considered the use of deep

learning concepts for face photo-sketch recognition. Notable methods include the
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approach in [121], where an autoencoder and deep belief networks were boot-

strapped to learn a feature representation of normal VIS face photos and were

then fine-tuned using transfer learning for face photo-sketch recognition. How-

ever, the system is shallow and does not exploit the spatial relationships inherently

present in images, which are important for face recognition [6]. The approach in

[122] uses a convolutional neural network for photo-to-sketch synthesis, although

the network is quite shallow (six layers deep) and was implemented using the easy

photo-sketch pairs in the CUHK student dataset; since these sketches bear a very

close resemblance to the original photographs, essentially only the modality gap is

being tackled while ignoring the memory and communication gaps. The method

in [123] also uses a convolutional neural network for several HFR tasks, which is

trained primarily using face photos and then fine-tuned with a few subjects having

images in both of the domains being considered. A shared projection matrix is also

learned. The proposed approach attained similar performance to the method in

[121] on the PRIP-VSGC database [6,19], and higher performance on the EPRIP

database [121,124]. Lastly, the recent intra-modality method described in [125]

uses a branched convolutional neural network in which a photo and global prior

are used as input to three shared layers. The output is then passed through two

separate networks each having a further three layers, with one network focusing on

predictions of structures and the other network focusing on textures. Similar to the

approach in [57], the network is thus relatively shallow and was also implemented

using the easy CUFS dataset [17,18].

32



Chapter 2. Literature Review

2.6 Summary

Numerous algorithms have been proposed in literature for face photo-sketch recog-

nition, which can be classified as either intra-modality or inter-modality approaches.

In the former approach, photos and sketches are transformed into a common modal-

ity to facilitate recognition by a face recogniser designed to work in the target

modality, while the aim of inter-modality approaches is to extract or learn modality-

invariant features and thus create specialised FRSs for photo-sketch recognition.

A summary of notable methods is shown in Table 2.1.

Intra-modality approaches are desirable in theory but have been criticised for at-

tempting to solve a more complex problem than recognition itself, and most ap-

proaches are in fact complex and thus require significant computation time and

memory requirements [6,12,25]. Consequently, recent research has focused on inter-

modality approaches, which tend to outperform intra-modality methods. However,

several approaches use hand-crafted descriptors such as LBP and SIFT which were

not specifically designed for face-sketch recognition, and hence may not be the op-

timal choice [10]. However, the learning of feature descriptors is constrained by the

limited amount of available data, namely the number of subjects and quantity of

sketch images per subject.

Whilst good results have been attained by both types of algorithms, most ap-

proaches (especially intra-modality algorithms) have been trained and tested on

sketches which closely resemble the original photo. For example, even the hair

component is very well matched in terms of shape and texture in the sketches of

the popular CUFS database [15,126]. In such cases, the problem is simplified to

the extent that the reported matching performance is not highly representative of

real-world performance where forensic sketches obtained from eyewitness descrip-

tions of criminals are utilised. In fact, it has been shown that a good COTS FRS

can achieve performance comparable to leading face-sketch recognition algorithms

on the CUFS database [6,12]. Moreover, numerous methods fail to utilise an ex-

tended photo gallery to simulate the extensive mug-shot galleries maintained by

law enforcement agencies. Consequently, some face-sketch recognition algorithms

have reportedly achieved a perfect 100% recognition rate at low ranks. As shown

by the performances achieved by leading methods in Chapter 6, this rate is hard

to achieve when using a realistic implementation set-up consisting of challenging
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sketches and an extended gallery as found in real-world criminal investigations.

Lastly, a few intra- and inter-modality methods using deep learning have been

proposed. However, these methods typically employ relatively shallow networks,

are trained predominantly using face photos and only a limited amount of photo-

sketch pairs, and are evaluated on easy databases without the use of an extended

gallery.
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Chapter 3

Proposed Methods

Several face photo-sketch recognition methods have been designed in this project,

spanning both intra- and inter-modality methods. The sequence of the descrip-

tions hereunder will follow chronological order, starting with the proposals of an

intra-modality approach and the fusion of intra- and inter-modality approaches

in Section 3.1 that were also described in a paper published at the International

Conference on Computer Analysis of Images and Patterns (CAIP2015), [62]. This

is followed by the description in Section 3.2 of a state-of-the-art inter-modality

method that was published in a paper presented at the European Signal Processing

Conference (EUSIPCO2016), [131], and finally the description of a novel method

utilising a DCNN in Section 3.3 which is described in a letter published in the

IEEE Signal Processing Letters publication, [132], and in a journal paper accepted

for publication in the IEEE Transactions on Information Forensics and Security,

[133]. In-depth analyses of several components of these proposed systems, including

parameter selection, are provided in Appendix A.

Due to the limited public availability of software-generated composite sketches,

the University of Malta Software-Generated Face-Sketch (UoM-SGFS) database

has also been created during the course of this project. Details of the UoM-SGFS

database have been published in a paper presented at the Biometrics Signal Pro-

cessing Conference (BIOSIG2016), [14]. A description of the database will be given

in Chapter 4.
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Chapter 3. Proposed Methods

3.1 Eigenpatches and fusion of intra- and inter-

modality algorithms

The first algorithm proposed in this work is the adaptation of the Eigenpatches

(EP) intra-modality method used for face super-resolution as described in [134] to

operate for face photo-sketch synthesis. EP is based on the ET approach described

in Section 2.2.1 on Page 10 and operates on local patches instead of the global face

image, thus allowing higher detail to be synthesised in local regions. In this work,

EP was implemented for face photo-sketch synthesis to determine if synthesis at a

local level would be superior to global face synthesis for photo-sketch recognition.

In addition, the effect of fusing ET and EP is evaluated to determine if these

methods provide complementary information.

EP may be applied for sketch (or photo) synthesis by synthesising each patch

(instead of the whole image) and can be obtained by learning the optimal linear

combination of patches found in the same local area of images in the training set.

Formally, starting from the ET equation which performs synthesis on the whole

image:

~Sr = ~̄S +
M∑
i=1

~c{i}p
~Ψ{i} (3.1)

where ~Sr is the reconstructed sketch, ~̄S is the mean sketch, ~Ψ{i} = ~S{i}− ~̄S, ~S{i} is a

column vector representing the ith sketch, and ~c
{i}
p is a column vector of dimension

M representing the contribution of the ith training photo image ~P {i} in the recon-

struction of a test face image computed according to [17]. Then, Equation (3.1) is

modified such that it is applied locally for each of the n patches in an image:

~S{j}r = ~̄S{j} +
M∑
i=1

~c{i,j}p
~Ψ{i,j} for j = 1, 2, . . . , n . (3.2)

where ~S
{j}
r is the jth patch of the synthesised sketch, ~Ψ{i,j} = ~S{i,j} − ~̄S{j}, ~S{i,j}

is the ith training sketch of patch j, ~̄S{j} is the jth mean patch and ~c
{i,j}
p are the

reconstruction weights for the jth patch derived using the ith training face image.

To the best of the author’s knowledge, Eigenpatches has thus far not been used
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Chapter 3. Proposed Methods

(a) (b) (c) (d) (e) (f)

Figure 3.1: Synthesised images of one subject in the Color FERET/CUFSF datasets: (a) Orig-
inal photo, (b) Original sketch, (c) Eigentransformation P2S, (d) Eigentransformation S2P, (e)
Eigenpatches P2S, (f) Eigenpatches S2P, where P2S=photo-to-sketch synthesis and S2P=sketch-
to-photo synthesis.

for face photo-sketch synthesis. Similar to other approaches involving patch-based

operations, the overlap of patches with their neighbours is arbitrarily fixed at half

the patch size and a simple averaging operation is done on overlapping areas to

combine patches together. The patch size is set to 128× 128 since it provided the

best results, as detailed in [62] and Appendix A.1. Examples of images synthesised

with Eigenpatches are shown in Figure 3.1.

For both methods, the role of sketches and photos is simply interchanged for

pseudo-photo synthesis. Although any face recogniser can then be used to match

the pseudo-sketches (photos) with the original sketches (photos), PCA (Eigenfaces

method) [37] is implemented due to its widespread use in the literature for intra-

modality methods. Hence, photo and sketch subspaces are learned and the face

images to be compared are projected into these subspaces, similar to the approach

in [17].

The fusion of intra- and inter-modality algorithms is also considered by fusing ET,

EP and HAOG as shown in Figure 3.2. Fusion is performed at the matching score

level, by first normalising the scores output from face recogniser using min-max

normalisation as shown in Equation (5.1) on Page 61. The sum-of-scores method

is then used to fuse the normalised scores together:

~F =
L∑
k=1

~̂sk (3.3)

where L represents the number of intra- and inter- modality methods considered,

~̂sk is the score of kth face recognition method, and ~F is the final similarity score
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Figure 3.2: System flow diagram of the proposed fusion of intra- and inter-modality methods, for
photo-to-sketch synthesis. Photos and sketches simply switch roles for sketch-to-photo synthesis.

between a sketch (pseudo-photo) and the N pseudo-sketches (photos) [135]. Sum-

of-scores fusion and min-max normalisation were chosen since they have been shown

to provide some of the best results for fusion of multi-biometric systems [2,80,135].

It is shown in Chapter 6 that Eigenpatches outperforms Eigentransformation at all

ranks (especially at lower ranks) for viewed hand-drawn sketches, viewed software-

generated sketches, and for real-world forensic sketches. This shows that the recon-

struction of local regions can provide images that are able to discriminate between

persons more reliably due to the utilisation of local features, while Eigentransforma-

tion encodes global spatial information that enables it to perform better at higher

ranks when faces are being compared at a more global level. In fact, the fusion

of Eigentransformation and Eigenpatches was shown in [62] to yield gains in per-

formance, indicating that the local-based Eigenpatches approach and the holistic

Eigentransformation approach provide complementary information. Further gains

in performance were achieved when fusing Eigentransformation and Eigenpatches

with the HAOG inter-modality method, showing the benefit in combining intra-

and inter-modality algorithms. This is also shown to hold for viewed hand-drawn

and software-generated sketches, and for real-world forensic sketches in Chapter 6.
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3.2 LGMS inter-modality approach

The third proposed approach is an inter-modality method called log-Gabor-MLBP-

SROCC (LGMS) [131]. The system flow diagram of the proposed LGMS method

is shown in Figure 3.3. First, all photos and sketches are aligned such that the eyes

and mouth are in the same position for all images as detailed in Section 5.1, which

are then filtered with 32 log-Gabor filters to yield 32 images for each sketch and

each photo. Gabor filters are able to represent signals localised in both time/space

and frequency [136] and have been used in a vast number of applications [137].

Their use is motivated by the observation that these filters can model the Human

Visual System (HVS) [136,137] and have yielded good performance within their

application domains. However, log-Gabor filters were proposed in [136] to better

model natural images, to remove the DC component, and to reduce the number of

filter banks required [61,137]. They are less commonly used in literature than Gabor

filters and to the best of the authors’ knowledge have thus far not been used for

face photo-sketch recognition. MLBP descriptors from overlapping patches of the

images derived in the filtering stage are then extracted and concatenated. Although

both MLBP and log-Gabor filters can be said to extract texture information, MLBP

is able to characterise the type of texture present within local areas. Hence, log-

Gabor filtering extracts texture information at a global level, while MLBP extracts
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Figure 3.3: System flow diagram of the proposed LGMS approach for O = 8 and S = 4. Dotted
block represents data obtained from the training stage.
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local texture information. Following discriminant analysis on the concatenated

MLBP vectors using PCA followed by LDA, an approach proven to be beneficial for

face recognition [12], the Spearman Rank Order Correlation Coefficient (SROCC)

between the resultant descriptors of the sketches and photos to be compared is

then found and used as a similarity measure, for each of the 32 filters. Whilst not

often used for FR, it is shown in Appendix A.2 that SROCC outperforms popular

comparison metrics. Scores are finally normalised and summed to yield the final

matching score. More details will now be given hereunder.

3.2.1 Image Filtering

Each geometrically normalised photo and sketch is filtered with a bank of log-Gabor

filters that are selective in terms of frequency and orientation. The 2D log-Gabor

function defined using the Gaussian spreading function is as follows [61,137]:

LGo,s(f, θ) = exp

(
− ln2(f/f0)

2 ln(κβ)

)
exp

(
−(θ − θ0)2

2σ2
θ

)
(3.4)

where o = 1, 2, . . . , O and s = 1, 2, . . . , S are the orientation and scale of the filter,

respectively, κβ = 0.55 is related to the filter bandwidth, σθ = 0.3272 is the angular

bandwidth, f0 is the centre frequency, and θ0 is the centre orientation. Setting

O = 8 and S = 4, a total of G = 8 × 4 = 32 filters are defined. These values

were chosen such that a good balance between performance and computational

complexity is achieved. In addition, it was ensured that a Nyquist rate of at

least n times the standard deviation apart from f0 (on a logarithmic scale) was

maintained to avoid aliasing, using the following condition [138]:

f0 < πκnβ (3.5)

where the authors of [138] state that n = 3 is typically sufficient; hence, n was also

set to a value of 3 in this work.
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3.2.2 Feature Extraction

After the filtered images have been obtained, they are divided into p × p patches

with an overlap of p/2 both vertically and horizontally, where p = 32. Overlapping

patches are able to consider the relationship among neighbouring regions and thus

encode spatial information that is useful for recognition. For an image of size

200× 250 as used in this work, 154 patches are obtained from which LBP features

are then extracted. LBP is a gray-scale invariant texture operator which thresholds

local circularly symmetric neighbourhoods into a binary pattern. More specifically,

the operator uses the gray values of P equally spaced pixels on a circle of radius

R, and assigns a binomial factor to each pixel [31]. In the proposed approach,

‘uniform’ patterns at P = 8 sampling locations with radius R = 1, similar to the

implementation in [12] and as described in [31] are used

LBPP,R =


∑P−1

p=0 s(gp − gc)2p, if U(LBPP,R) ≤ 2

P + 1, otherwise
(3.6)

where gc is the gray value of the centre pixel of the neighbourhood gp (p = 0, . . . , P−
1), and U(LBPP,R) is defined as follows:

U(LBPP,R) = |s(gP−1 − gc)− s(g0 − gc)|+
P−1∑
p=1

|s(gp − gc)− s(gp−1 − gc)| (3.7)

such that patterns having more than two binary transitions are assigned the com-

mon code P + 1. Thus, as shown in Figure 3.4, there are eight possible patterns

for each of pattern codes 1–7 (since rotation invariance is not used). The cases

when all eight sampling locations are 0 or 1 yield an additional two patterns, while

the remaining patterns are all assigned the same ‘uniform’ code. Hence, the total

Figure 3.4: Binary patterns that can occur in a circularly symmetric neighbour set of P = 8
pixels with radius R = 1, using ‘uniform’ patterns and without rotation invariance. Black and
white circles correspond to bit values gp of 0 and 1, respectively [31].
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number of values that can be assigned to a neighbourhood is 59, which are then

used to construct a histogram such that 59D vectors are obtained for each patch.

The MLBP extension is also used, which concatenates LBP descriptors computed

with radii R = {1, 3, 5, 7} to yield 236D vectors. These parameters have been

chosen since they are similar to those used in [12] and yielded the best performance

when evaluated on viewed hand-drawn sketches.

Whilst SIFT or HOG descriptors computed on patches are often also used with

M/LBP in approaches proposed in literature to extract shape information, their

use in this work is not highly beneficial. This is because such descriptors represent

the frequency of occurrence of orientations. However, the images used for feature

extraction in the proposed system contain the responses at only one specific orien-

tation. Consequently, descriptors of this type do not offer much useful information

since shape information is already being implicitly considered.

3.2.3 Sketch-Photo Matching

The MLBP features from each patch are concatenated into one 154×236 = 36, 344D

vector. Discriminant analysis is then performed for each of the G 36,344D feature

vectors by first applying PCA followed by LDA on a training set of images [53], an

approach shown to be beneficial in face recognition [12]. The ‘PhD Toolbox’1 was

utilised for this task [139,140]. The number of eigenvectors used is the upper bound

c−1, where c is the number of classes (subjects) as described in [53]. After the pro-

jection matrix has been obtained, the mean-subtracted features of each sketch and

the gallery photos are projected onto the subspace. Comparison between sketches

and photos is performed by measuring the Spearman Rank Order Correlation Co-

efficient (SROCC) between the resultant vectors of a sketch and a gallery photo

to yield a similarity score for each filter. More specifically, SROCC measures the

strength and direction of the monotonic relationship between two ranked vectors

[141] such that scores lie within the range [−1, 1], where a value of 0 indicates

no correlation and 1 and −1 represent maximum positive correlation (where the

values of both vectors tend to increase) and negative correlation (the values of one

vector increase while the values of the other vector decrease), respectively. SROCC

1Available at: http://luks.fe.uni-lj.si/sl/osebje/vitomir/face_tools/PhDface/

index.html
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is computed as follows:

ρ =

∑
i(R(xi)−R(x))(R(yi)−R(y))√∑

i(R(xi)−R(x))2
∑

i (R(yi)−R(y))2
(3.8)

while Equation (3.9) hereunder can be used when the data does not contain tied

ranks:

ρ = 1− 6
∑

i (R(xi)−R(yi))
2

n(n2 − 1)
(3.9)

where ρ is the correlation result between two vectors x and y of equal length, R(x)

and R(y) are the ranks of x and y, respectively, R(x) and R(y) are the mean

values of R(x) and R(y), respectively, and n is the number of variables in x and y.

[141,142].

Given a gallery containing N subjects, there are G vectors ~Jk ∈ IRN , k = 1, 2, . . . , G

containing the scores for each comparison between a probe sketch and a gallery

photo to yield G × N scores for each probe sketch. Min-max normalisation is

applied using Equation (5.1) to obtain
~̂
Jk ∈ IRN , k = 1, 2, . . . , G. These G vectors,

representing the matching scores of the G filters, are finally fused using the sum-

of-scores method as shown in Equation (3.3), similar to the approach described in

Section 3.1 for the fusion of intra- and inter-modality algorithms. This yields a

vector ~F ∈ IRN containing N LGMS scores for each probe sketch, representing the

similarity between the sketch and all the photos in the gallery.
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3.3 DEEPS and DEEPS-M

The majority of inter-modality algorithms use hand-crafted features such as the

SIFT and MLBP, and have attained good performance [12,14,131]. However, it

is unlikely that such features are optimal since they were not designed for inter-

modality face recognition [15], and it would therefore be desirable to design and

use potentially superior feature descriptors that are better adapted for the task

of face photo-sketch recognition. This can be performed with the aid of deep

learning, which has become a hot research topic owing to its great success in sev-

eral application domains including traditional VIS-VIS face recognition and image

super-resolution [93,107,113,143], as discussed in Section 2.5. However, there has

been limited work in using deep learning for face photo-sketch recognition. This

was thus investigated, with the following contributions:

• It is shown that simply applying a deep network, even one trained for uncon-

strained face recognition that achieved state-of-the-art performance, typically

results in poor recognition rates when matching sketches with photographs

(ref. performance of VGG-Face in Chapter 6).

• While transfer learning is beneficial, it is shown that performance still lags

behind leading methods since traditional data augmentation techniques are

insufficient to avoid the problem of having only one sketch per subject (ref.

Appendix A.4.1).

• A 3D morphable model is used to automatically create a set of synthetic

images to artificially expand the number of images per subject. Applying

transfer learning to a deep network using these images yields a framework

that outperforms state-of-the-art algorithms (ref. Chapter 6).

• Since forensic sketches typically contain several inaccuracies, the synthetic

sketches can bear a better liking to the matching photo than the original

sketch (ref. Section 3.3.4). In fact, performance is improved when multiple

sketches for each subject are used for comparison with the gallery photos (ref.

Section 6.4).

• The fusion of the proposed architecture with the LGMS algorithm is shown

to yield further improved performance on both viewed and forensic sketches

(ref. Chapter 6).
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As shown in Figure 3.5, the proposed framework consists of a Deep Convolutional

Neural Network (DCNN) together with a triplet embedding that optimises the

features for verification, and a data augmentation approach to circumvent the lack

of multiple images per subject. The framework is demonstrated to outperform

leading methods, with the resultant method denoted the DEEP (face) Photo-Sketch

System (DEEPS). A description of the components of this system will now be

provided.

3.3.1 Deep Convolutional Neural Network
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. . .
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Figure 3.5: The proposed architecture, where synthetic images are created and used to train the
DCNN in [93] via transfer learning. The first and second rows contain original and synthesised
photos and sketches, respectively, of a subject in the PRIP-HDC forensic sketch database [19].
Column ‘1’ contains images fitted with a 3D morphable model, and ‘2’ to ‘645’ are synthesised
versions of ‘1’. The synthetic sketch of variation ‘2’ (represented with a green border) has a
more rounded appearance than the original sketch (red border) and bears a subjectively better
similarity to the corresponding original photo (dashed orange border). Detailed architecture of
the deep network is shown in Table 3.1.

Although there exist several deep learning architectures, the DCNN is the one most

suited for image processing tasks since it is able to exploit the spatial relationships

within images. Moreover, the proposed LGMS method exhibits several similarities

to the basic layout of a DCNN, including image filtering, feature extraction, and

feature dimensionality reduction. Due to the good performance attained by LGMS

as discussed in Chapter 6, it was determined that a DCNN would be the most

suitable deep architecture for DEEPS.
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Table 3.1: Network architecture when training for verification using the triplet loss, based on the
VGG-Face descriptor network [93]. An entry {conv R : [H ×W × F ]} represents a convolutional
layer having an R × R receptive field size, an input of dimension H × W , and F filters. All
convolutional layers except L24 use the ReLU function [94].

L0 input: [224× 224× 3] L13 conv 3: [28× 28× 512]
L1 conv 3: [224× 224× 64] L14 mpool 2: [14× 14× 512]
L2 conv 3: [224× 224× 64] L15 conv 3: [14× 14× 512]
L3 mpool 2: [112× 112× 64] L16 conv 3: [14× 14× 512]
L4 conv 3: [112× 112× 128] L17 conv 3: [14× 14× 512]
L5 conv 3: [112× 112× 128] L18 mpool 2: [7× 7× 512]
L6 mpool 2: [56× 56× 128] L19 conv 7: [1× 1× 4096]
L7 conv 3: [56× 56× 256] L20 dropout 1: [1× 1× 4096]
L8 conv 3: [56× 56× 256] L21 conv 1: [1× 1× 4096]
L9 conv 3: [56× 56× 256] L22 dropout 1: [1× 1× 4096]

L10 mpool 2: [28× 28× 256] L23 norm 1: [1× 1× 4096]
L11 conv 3: [28× 28× 512] L24 conv 1: [1× 1× 1024]
L12 conv 3: [28× 28× 512] L25 Triplet loss function

Since performance of neural networks tends to increase with more layers and filters

[93], it would be ideal to design a wide and deep network for face photo-sketch

recognition. However, a significant amount of training data is required, which also

leads to long training times (often on the order of weeks). As a result, researchers

often apply the process of transfer learning, where a pre-trained network’s param-

eters are fine-tuned with a training set that contains samples from the database

on which the network will be employed. Hence, the use of a pre-trained network

enables faster convergence, decreases the probability of finding poor local minima,

and leverages the regularisation effect that enables better generalisation [144,145].

This work also benefits from transfer learning by starting with the VGG-Face FRS

DCNN described in [93] and shown in Table 3.1, that was trained with 2.6M face

images of 2,622 subjects. This network was chosen for several reasons: first, it

was designed specifically for recognition of faces as done in this work, and the

face photos used for training also form one of the modalities used in the proposed

approach. Secondly, the VGG-Face network was shown to be among the leading

FRSs for unconstrained face recognition [93]. Hence, the network provides a better

basis on which fine-tuning can be performed when compared to a network trained

for other tasks.

A similar implementation methodology to that used for the VGG-Face network is

employed, whereby all the parameters of the DCNN are first trained for the task of

classification using the softmax log-loss objective function (tuning layers L1-L21),
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after which training for verification using the triplet-loss is performed for the triplet

embedding layer only (i.e. learning L24) while freezing the parameters of the rest of

the network (i.e. setting their learning rate to zero). Stochastic Gradient Descent

(SGD) with momentum is used to train the network in each case. However, the

last fully-connected layer of the VGG-Face network (which maps the D-dimensional

feature descriptor to a number of classes corresponding to the number of distinct

identities in the training set) must be re-initialised since the network was trained

using different subjects than the ones considered in this work. Following the proce-

dure in [93], biases are set to 0 and weights are randomly sampled from a Gaussian

distribution with zero mean and 10−2 standard deviation. Given that this layer is

re-initialised, unlike the rest of the network, the learning rate of its parameters is

set to ten times the global learning rate of 10−3. The low learning rate was chosen

to limit the rate of change of the parameters and thus enable better convergence,

since the parameters should not require great adjustments given that they are al-

ready pre-trained. On the other hand, the learning rate of the last layer must be

higher since it is randomly initialised without any prior training whatsoever.

Photos and the corresponding sketches are used for each subject in the training

set, allowing the network to learn the relationship between the two modalities. In

other words, the aim of the network is to learn modality-invariant parameters such

that it may correctly classify both photos and sketches.

After the network is trained for classification, the last two layers (the last fully-

connected layer and the softmax log-loss layer) are replaced with three layers: (i) a

layer that normalises the output feature vector to unit length (L23), followed by (ii)

a fully-connected layer (L24) consisting of D inputs and L outputs, L � D , and

(iii) a triplet-loss layer (L25). Layer L24 performs dimensionality reduction and

outputs a vector that is suitable for verification, which should yield vectors whose

distance with respect to other vectors is small for input face images of the same

subject, and large for different subjects. L25 computes the error of the objective

function to determine how the parameters must be adjusted using SGD.

The input to the network is a patch of size 224 × 224 that is randomly cropped

from a face image and flipped with 50% probability, with the mean of the images in

the training set subtracted to ascertain stability of the learning algorithm [93]. At

test time, a process similar to that employed for the original VGG-Face network as

described in [93] is performed, namely the dropout layers are removed and images
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are scaled to three sizes (256× 256, 384× 384 and 512× 512) to enable multi-scale

testing. Feature vectors are then computed for ten patches (the four corners, the

centre, and their horizontal flips), extracted at each scale. The final descriptor

is the average of the resultant 30 L-D feature vectors that are obtained for each

probe (sketch) image and gallery (photo) image. As elaborated in Section 3.3.3,

the feature vector of a probe image is then compared with those of all the gallery

images using either Euclidean distance [93] or vector dot products [113]. Lastly,

the results when tuning several parameters of the proposed system are shown and

discussed in Appendix A.3.

3.3.2 Data Augmentation

A drawback of deep learning methods is the requirement of a large amount of

data for robust learning, to reduce effects such as over-fitting and to learn more

effective functions [93,94]. Extensive datasets containing not only a high number

of unique classes but also numerous examples for each class have been created for

tasks such as object and face recognition, and thus allow researchers to train and

test their algorithms well. For example, the ImageNet database [146] contains a

training set having 1.2 million images of 1000 categories. Such high numbers are

possible due to the sheer availability of images on the Internet, such that search

engines can be used to automatically retrieve images of interest. In the case of

face recognition, databases such as the one used to train the VGG-Face network

[93] are typically created by using celebrities as the individual subjects, many

photos of whom are often captured and thus allow a database to be quite easily

populated with multiple images per subject. This approach cannot be undertaken

in the case of face sketches due to their limited availability as a result of privacy

protection issues in the case of real-world forensic sketches, and the time consuming

nature of sketch creation in the case of publicly available viewed sketch datasets.

This means that the number of subjects represented with a sketch image is quite

limited, even when combining all available databases. Moreover, sketch databases

typically contain only one sketch per subject, and the face photo datasets used to

construct sketch databases often contain a limited number of photos per subject

also. However, object and face databases contain hundreds of examples for each

unique entity which exhibit several variations. In the case of face recognition,

these variations span factors such as expression and pose, and allow a network to
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be robust to intra-class differences. Consequently, a deep network trained using

just two images per subject (a sketch and a photo) would find it hard to reliably

distinguish them from different identities and at the same time learn intra-class

similarities [147]. Even algorithms making use of vast amounts of data for training

have found data augmentation techniques beneficial for system performance [93,

94,147]. However, it is shown in Appendix A.4 that even traditional augmentation

methods yield limited performance improvement when using one photo and one

sketch (the original images).

To circumvent this problem, the use of a 3D face morphable model2 [148] (along

with the approach in [149] to fit the model to face images using edge features3) is

proposed to enable the automatic generation of synthetic face photos and sketches,

with the additional benefit of normalising off-pose faces to be frontally aligned with

no rotation (which is particularly useful in the case of photos). Changes to a face

image include: (i) local changes to the individual facial features4, and more global

changes in terms of (ii) age (older or younger), (iii) gender (more female or more

male), (iv) height (taller or shorter) and (v) weight (fatter or thinner). Of course,

there is a virtually infinite number of ways in which a face image can be altered. In

this work, 644 images are created for each face image. These include five random

adjustments to the four facial components individually (yielding 20 images), and

624 adjustments to the age, gender, height and weight, both individually (i.e.

changing one attribute at a time) and also when multiple attributes are changed

simultaneously. The original image is also used, for a total of 645 photos and 645

sketches per subject5. Some examples of face photos and face sketches created with

this approach are shown in Figure 3.5.

The proposed system therefore allows any face database to be expanded with an

arbitrarily large number of images. This is especially the case for sketches, of which

there is typically only one per subject in both publicly available datasets and in

real-life. The increased number of samples will be shown in Appendix A.4 to be

greatly beneficial for training a deep network.

2Available at: http://faces.cs.unibas.ch/bfm/main.php
3Available at: https://github.com/waps101/3DMM_edges
4Facial features encompass the eyes, nose, mouth and the rest of the face
5The exact parameters may be found at: http://wp.me/P6CDe8-7D
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3.3.3 Triplet-loss embedding scheme

The triplet-loss objective function has been used in several state-of-the-art systems

to train the network for the final application of a FRS, namely identification via

verification. Given a triplet {a, p, n}, the aim is to reduce the distance (or increase

similarity) between an image a of a subject called the anchor and another image p

of the same subject known as the positive example, while increasing the distance

(minimising the similarity) between the anchor and an example n from a different

subject called the negative example. Two main methods have been proposed in lit-

erature: Triplet Distance Embedding (TDE) based on Euclidean distance [93,113],

and Triplet Similarity Embedding (TSE) based on vector dot product similarities

[114]. For both methods, an input face image li, i ∈ {a, p, n} yields an output

φ(li) ∈ RD that is projected to a L� D dimensional space to obtain ~xi ∈ RL:

~xi = W
φ(li)

‖φ(li)‖2
(3.10)

where W ∈ RL×D is the projection matrix that is learned, with L and D set to 1024

and 4096, respectively, as done for the VGG-Face descriptor network [93]. The last

fully-connected layer now corresponds to the weight matrix W , corresponding to

L24 in Table 3.1. Biases and their learning rate are set to zero along with the

parameters of the rest of the network, such that the training process only affects

W .

The condition that is imposed for TDE is:

‖~xa − ~xp‖22 + α < ‖~xa − ~xn‖22 (3.11)

where α ≥ 0 is a fixed scalar denoting a margin between the distances comparing

the anchor and positive, and the anchor and negative. The objective function to

be minimised is thus:

E(W ) =
∑

(a,p,n)∈T

max {C, ‖~xa − ~xp‖22 + α− ‖~xa − ~xn‖22} (3.12)

where T is a set consisting of training triplets, and the C = 0 is the minimum

allowable error. For SGD as used in this work, the gradient of this function with

respect to the inputs must be calculated to determine how the weights must be
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Anchor 
(a)

Positive 
(p)

Negative 
(n)

Figure 3.6: The aim of using the triplet loss when training the network is to minimise the
distance (or maximise the similarity) between the anchor and positive examples that depict the
same subject, and to maximise the distance (or minimise the similarity) between the anchor and
negative examples that have a different identity.

adjusted in order to reduce the error in backpropagation, as follows [150]:

∂E(W )

∂~xi
=



2(~xn − ~xp), if i = a and E(W ) > C

2(~xp − ~xa), if i = p and E(W ) > C

2(~xa − ~xn), if i = n and E(W ) > C

0, otherwise

The TSE approach [114] maximises similarities between the anchor and positive,

while minimising similarities between the anchor and negative with the following

condition:

~x′a · ~xn + α < ~x′a · ~xp (3.13)
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where ~x′ denotes the transpose of ~x. The function to be minimised is thus:

E(W ) =
∑

(a,p,n)∈T

max {C, ~x′a · ~xn − ~x′a · ~xp + α} (3.14)

and the gradients to be backpropagated are as follows:

∂E(W )

∂~xi
=



~xn − ~xp, if i = a and E(W ) > C

−~xa, if i = p and E(W ) > C

~xa, if i = n and E(W ) > C

0, otherwise

Following recommendations in literature [93,113], all positive pairs (a, p) are se-

lected and n is chosen at random among those images which violate the triplet loss

margin. Triplets are chosen while the network is being trained.

3.3.4 Multiple synthetic sketches for testing

While the synthetic images aid learning by permitting the DCNN to be flexible

for disparities in the facial attributes of photos and sketches, it will be shown in

Section 6.4 that they may also be useful during system deployment when deter-

mining the identity of a subject in a sketch (where the synthetic test sketches are

created using the same procedure outlined in Section 3.3.2). This leverages the

observation that adjustment of facial attributes may yield a sketch which counter-

acts the distortions and exaggerations that are typically present within sketches

when compared to the corresponding photos. A real-world example of such a case

is depicted in Figure 3.5. Hence, the features of a subset of 199 synthetic sketches

and the original are computed for each subject. Since a sketch is compared to the

gallery photos, it is represented with 200 distance measures for each subject in the

gallery. These distances are fused using: (i) the median of the top 49 matches

and the match to the original sketch, and (ii) the best match among 9 sketches

and the original. Two distance values are thus obtained for each comparison of a

sketch with a photo, that are combined using sum-of-scores fusion and min-max

normalisation as described by Equations (3.3) and (5.1), respectively, which are
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reportedly among the best fusion approaches [2,80,135]. This method is denoted

DEEPS Multi-sketch (DEEPS-M) and is only applied on forensic sketches, since

viewed sketches generally bear an already close resemblance to the original photo

and any alteration to the facial attributes will likely reduce similarity.

Work in literature considering the use of multiple sketches at test time is quite

limited. Most relevant to this paper is the work done in [51,80], but the number

of subjects and sketches used were both limited since the latter were manually

created by employing several artists or software operators, making the process

costly and time-consuming. These problems are critical, especially in the time-

sensitive nature of real-world criminal investigations. This is in contrast to the

proposed approach which generates images automatically and hence allows more

examples to be created for both training and testing.

3.3.5 System fusion

Empirically, it was observed that there are several cases where LGMS performs no-

ticeably worse than DEEPS, and vice versa, on both viewed and forensic sketches

as shown in Figure 6.4 on Page 84. Fusion of methods based on engineered features

and learned features has also been shown to be capable of enabling performance

improvement in other domains such as video indexing [151]. Hence, the two ap-

proaches are combined to determine if these methods can benefit from complemen-

tary information, using also sum-of-scores fusion and min-max normalisation [135]

similar to the fusion of intra- and inter-modality algorithms described in Section 3.1

on Pages 38 to 39.
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3.4 Summary

Four primary methods have been proposed in this research, spanning both intra-

and inter-modality techniques. The first method is the extension of the Eigen-

transformation (ET) intra-modality approach to operate on local patches, yielding

Eigenpatches (EP). Fusion of intra- and inter-modality methods is also considered,

and is shown in Chapter 6 to be capable of providing improved performance. This

work was also described in a paper presented at the International Conference on

Computer Analysis of Images and Patterns (CAIP2015), [62].

An inter-modality method called log-Gabor-MLBP-SROCC (LGMS) was then cre-

ated, which was described in a paper presented at the International European

Signal Processing Conference (EUSIPCO), [131]. LGMS uses engineered features

together with subspace projection and comparison using correlation of the resul-

tant feature vectors. This method is shown in Chapter 6 to be able to outperform

state-of-the-art methods proposed in literature.

Finally, the DEEP (face) Photo-Sketch System (DEEPS) was created, and is the

first method to use a very deep convolutional neural network for face photo-sketch

recognition. To circumvent the single sketch image per subject problem, which

inhibits a network from learning robust features, a 3D morphable model was used

to enable variation of facial attributes and automatically create a new large set of

synthetic images. Due to the distortions and exaggerations found in sketch images

when compared to the original face photo, these variations also allow a network

to be flexible in the presence of these artefacts. Indeed, the variations may yield

synthetic sketches that counteract some of these distortions to make them more

similar to the corresponding photo than the original sketch. In fact, it will also be

shown in Chapter 6 that they can be beneficial even during system deployment.

This work was also described in a letter published in the IEEE Signal Processing

Letters publication, [132], and in a paper accepted for publication in the IEEE

Transactions on Information Forensics and Security, [133].
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UoM-SGFS Database

The University of Malta Software-Generated Face-Sketch (UoM-SGFS) database1

was constructed in this research to circumvent the limited public availability of

software-generated sketches, which were created using the EFIT-V software pro-

gram [22] that is used by numerous law enforcement agencies. Presented in [14],

the database initially contained 600 sketches of 300 subjects in the Color FERET

database [13,152] and was later doubled in size to contain 1200 sketches of 600

subjects. The UoM-SGFS database is thus:

• One of the largest face sketch databases

• The largest face sketch database containing software-generated sketches

• The only database containing all sketches represented in full-colour

• The only database containing sketches created with EFIT-V [22]

• One of the few databases containing more than one sketch image per subject

As a result, this database is highly useful to researchers working in the field of

face photo-sketch recognition. In fact, 13 requests to use this database have been

received at the time of writing this dissertation.

The motivation to create the database will first be given, followed by an overview

of EFIT-V and a more detailed description of this new database.

1UoM-SGFS database and additional data available at: http://wp.me/P6CDe8-4q, http:

//goo.gl/KYeQxt
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4.1 Motivation to create the database

Despite the more prevalent use of software-generated sketches in the real-world

(compared to hand-drawn sketches) [6], there exist few such sketches which are pub-

licly available. Indeed, only two databases containing software-generated sketches

are publicly available. The first is the PRIP Viewed Software-Generated Compos-

ite (PRIP-VSGC) dataset [6,19] containing viewed software-generated composite

sketches created using Identi-Kit. Although other sketches were created by an-

other user and by another software program, these have not been made publicly

available. As a result, this database only contains one sketch for each of the 123

subjects considered. The Extended PRIP (EPRIP) database [121,124] contains

123 sketches of the same subjects, created by an Indian software operator.

Other databases have been used in literature, but these have remained private. As a

result, only the PRIP-VSGC and the EPRIP databases contain software-generated

composite sketches that can be used by researchers. However, the number of

sketches available is quite low for robust algorithm evaluation and the sketches

in the PRIP-VSGC often look highly dissimilar to the corresponding photos. In-

deed, the creators of the database themselves use the sketches generated by a

different operator and a different software program for algorithm evaluation, due

to better representational accuracy [6]. Moreover, colour information which has

been found to be capable of improving face recognition performance [153] cannot

be exploited since all sketches are grayscale. Lastly, there is no publicly available

database containing sketches with the EFIT-V software [22] that is used by several

law enforcement agencies around the world. The UoM-SGFS database was there-

fore created to counteract these issues, primarily the lack of publicly available (i)

software-generated composite sketches, (ii) sketches represented in full-colour, and

(iii) sketches created with the popular EFIT-V software.

4.2 EFIT-V overview

Most facial composite systems involve the selection and spatial configuration of

individual facial features, thus relying on the witness’ ability to recall and describe

these features. However, human recognition and synthesis of faces is a global

process relying on the interaction of all features in the face [154]. Thus, EFIT-V
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uses a global face model which allows witnesses to recognise perpetrators’ faces

rather than recall them. This is done by presenting the witness with a set of

faces, who retains or rejects them depending on their similarity to the face of the

criminal. A genetic algorithm learns the witness’s choices and presents a new set

of faces through a process of mutations. The procedure is repeated again until the

witness is satisfied that a better likeness cannot be generated. Adjustments such as

translation, scaling, and rotation may also be performed for each facial component.

EFIT-V allows features other than the facial components to be depicted, including

jewellery and glasses. These may not only help the eyewitness during the com-

posite generation process but also allow the creation of sketches which can depict

discriminative and thus vital information about the perpetrators. Image editing

software is directly supported in EFIT-V, to allow fine-tuning of details [155].

The older EFIT software has proven to be effective in generating a good likeness to

suspects, and was shown to be able to outperform not only other software systems

but also hand-drawn sketches [155]. As a result, the enhanced EFIT-V is nowadays

used by several law enforcement agencies in more than 30 countries around the

world including New Scotland Yard, New South Wales Police in Australia and the

Malta Police Force. More information may be found in [22,154].

4.3 Database details

The face photographs for the UoM-SGFS database were obtained from the Color

FERET database [13,152], chosen since it contains a large number of good quality

frontal images and a variety of different age ranges and ethnicities. Most subjects

selected are White to minimise the ‘other-race effect’, since the software operator

creating the sketches was also White. However, subjects belonging to different races

to that of the operator were still included to represent real-life conditions where

both law enforcement officers and eyewitnesses may belong to a different race than

the perpetrator. In addition, the EFIT-V operator was trained by a qualified

forensic scientist from a local police force so as to ensure that practices adopted

in real-life were adopted in the creation of the new database. Moreover, photos

in the Color FERET database often contain non-uniform lighting and slight head

rotations, making the recognition task more challenging but also more realistic.
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The UoM-SGFS dataset contains two viewed sketches for each of the 600 subjects

considered and is partitioned into two sets. Set A contains those sketches created

using EFIT-V, where the number of steps performed in the program was minimised

to avoid producing composites that are overly similar to the original photo. The

sketches in Set A were then lightly altered with the Corel PaintShop Pro X7 image

editing program [156] to fine-tune details that cannot be easily modified with EFIT-

V (as done in real-life), yielding Set B. Hence, sketches in Set B are generally closer

in appearance to the corresponding face photos.

EFIT-V also allows the depiction of shoulders, which can indicate the type of

clothes that the perpetrator was wearing and the physique (e.g. fat, muscular,

etc.). While the type of clothing is important, more emphasis was given to the

physique of the subject since it provides more salient information. In addition, any

accessories such as jewellery and hats are generally slightly different to those shown

in the original photograph and sometimes omitted in the UoM-SGFS database

sketches, to mimic memory losses of eyewitnesses. Lastly, to the best of the authors’

knowledge, all sketches currently available are represented in grayscale. However,

the sketches in the new database are all colourful. Since colour has been shown

to yield improved performance for face recognition [153], its use may now also be

considered for photo-sketch recognition to potentially improve performance. Some

examples of sketches in the UoM-SGFS database may be found in Figure 4.1.

Set A Photos Set B Set A Photos Set B

Figure 4.1: Photos of four subjects in the Color FERET database [13,152] and the corresponding
sketches from the two sets of the UoM-SGFS database

59



Chapter 5

Implementation & Evaluation

Methodology

The algorithms designed in this project will now be outlined and their performance

compared to popular and state-of-the-art algorithms. The architecture used to

implement and evaluate face photo-sketch recognition algorithms will be given in

Section 5.1 followed by a description of the databases used in Section 5.2. An

overview of the algorithms proposed in literature that have been chosen as a basis

for comparison is given in Section 5.3 while an overview of the methods proposed

in this research that will be evaluated is given in Section 5.4. The protocol used to

evaluate the algorithms will be given in Section 5.5 followed by presentation and

discussion of results in Chapter 6.

5.1 Framework used for evaluation

The system flow diagram of the framework used to evaluate face-sketch recognition

algorithms is shown in Figure 5.1 and follows the approach presented in [18]. A

given dataset of face photo-sketch pairs is first partitioned into three sets, such

that one is used to train the intra-modality algorithm, one is used to train the

face recogniser or inter-modality algorithm, and another is used to test the system.

When evaluating intra-modality methods, training of the face recogniser/inter-

modality algorithm is done by transforming the photos in the set used to train
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the face recogniser to pseudo-sketches and used together with the sketches of the

same set when photo-to-sketch synthesis is being performed. Next, the photos

in the test set are appended with an additional set of face photos which do not

have a corresponding sketch image, to more closely represent the large mug-shot

galleries used by law enforcement agencies (ref. Section 5.2.4). All photos are then

transformed into sketches using the chosen intra-modality method, and each probe

sketch is compared to the synthesised pseudo-sketches using a face recogniser or

an inter-modality method. Photo-to-sketch synthesis is preferred since this mode

achieves better performance than sketch-to-photo synthesis [62]. A total ofN scores

are thus generated for each query sketch, representing the similarity or distance

between the sketch and the gallery of photos and are normalised using min-max

normalisation:

~̂s =
(~s−min(~s))

(max(~s)−min(~s))
(5.1)

where ~s = [s1, s2, . . . , sN ] is a vector of dimension N containing the scores for

matching a probe with the N gallery images, ~̂s contains the corresponding nor-

malised scores, and min(~x) and max(~x) represent the minimum and maximum

values of ~x, respectively [135]. The scores can finally be used for evaluation as

elaborated in Section 5.5.

When no intra-modality methods are used (i.e. for evaluation of only a face recog-

niser or inter-modality method), then the same approach is used but no synthesis

is performed. Also, the images to be compared are the original query sketches with

all VIS photos in the gallery. Therefore, training of the face recogniser is performed

using only the photos and sketches in the set used to train the face recogniser.

For each algorithm, images are first geometrically normalised by rotating them

such that the angle between the two eye centres is zero degrees and scaled such

that the distance between eye centres and between the eyes and mouth is the

same for all images. The coordinates of the eyes and mouths used for this task

were those provided in the databases considered, while some were also labelled

manually. Then, all images are tightly cropped to a height of 250 pixels and a

width of 200 pixels such that the amount of hair visible in the image is minimised,

as shown in Figure 5.1. Although it has been argued that hair should be retained

to maximise the already limited amount of information present in sketch images
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Figure 5.1: System flow diagram of the framework used for the evaluation of any algorithms
considered, where N represents the number of gallery images: (a) Framework for intra-modality
methods, where the process for photo-to-sketch synthesis is shown. For sketch-to-photo synthesis,
the roles of sketches and photos simply change roles; (b) Framework for face recognisers and
inter-modality methods, which is the same as that for intra-modality methods but excluding any
synthesis-related processing.

[6], hair is not a reliable source of information since it is often difficult to be

precisely described by an eyewitness and is a feature that can be easily changed

in appearance. As a result, the hair depicted in a sketch may be very different

from the hair in the corresponding mug-shot photo and may actually inhibit the

performance of a recogniser in practice. Other pre-processing steps may optionally

be done depending on the intra- and inter-algorithms considered.
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5.2 Databases used

There are two main types of databases, namely face photo databases containing

VIS face photos of subjects and those containing face sketches of subjects in a

photo database. The databases considered in this research will now be described1.

5.2.1 Viewed Hand-drawn face sketch databases

Since there are a greater number of viewed hand-drawn sketches than real-world

hand-drawn forensic sketches, the former are primarily used for algorithm evalua-

tion. Nevertheless, forensic sketches are also used, as described in Section 5.2.3.

The first hand-drawn sketch database used is the popular CUFS database2 [17,

18,39], consisting of 606 sketches of the corresponding frontal face photos in the

AR [16], XM2VTS [157] and CUHK student databases. However, these sketches

have been criticised in literature as often being too similar to the corresponding

photos [15,126]. Therefore, another 946 sketches are derived from the CUFSF

database3 [15,129], with the corresponding face photos obtained from the Color

FERET database4 [13,152]. Sketches in the CUFSF database were created such

that they contain distortions and shape exaggerations, and are therefore more

similar to sketches used by law enforcement agencies [15]. Each subject in these

databases is represented using only one sketch and the corresponding photograph,

i.e. there are 1552 subjects each having one photo-sketch pair.

Examples of the viewed hand-drawn sketches used in this work are depicted in

Figure 1.2 on Page 3.

5.2.2 Viewed Software-generated face sketch database

The UoM-SGFS database as described in Chapter 4 is employed to evaluate the

algorithms considered on software-generated composite sketches, with the corre-

1The detailed protocol may be found at https://wp.me/P6CDe8-8B
2Available at: http://mmlab.ie.cuhk.edu.hk/archive/facesketch.html
3Available at: http://mmlab.ie.cuhk.edu.hk/archive/cufsf/
4Available at: http://www.nist.gov/itl/iad/ig/colorferet.cfm

63

https://wp.me/P6CDe8-8B
http://mmlab.ie.cuhk.edu.hk/archive/facesketch.html
http://mmlab.ie.cuhk.edu.hk/archive/cufsf/
http://www.nist.gov/itl/iad/ig/colorferet.cfm


Chapter 5. Implementation & Evaluation Methodology

sponding photos obtained from the Color FERET database [13,152]. In total, the

database contains 1200 sketches of 600 subjects. The sketches are split into two

sets, which are evaluated independently (i.e. the sketches in Set A and Set B are

not mixed, such that one sketch per subject is available for each algorithm).

Examples of the viewed software-generated composite sketches used in this work

are depicted in Figure 4.1 on Page 59.

5.2.3 Forensic face sketch database

The PRIP-HDC dataset [19] is used to perform evaluation with real-world images,

containing hand-drawn forensic sketches of 47 subjects created from eye-witness

accounts in real-world investigations. The mug-shot photos were only available

after the suspects in the sketches were identified [9,12]. All subjects were only

used for testing by employing the same models that were trained on the viewed

hand-drawn sketches, due to the dataset’s small size. Also for this reason, tradi-

tional performance measures may yield inaccurate results and therefore analysis is

performed using the ranks at which algorithms retrieve each subject directly.

5.2.4 Face photo databases

The photo gallery set is extended with 1521 subjects to mimic the mug-shot galleries

maintained by law-enforcement agencies. These include 509 subjects from the

MEDS-II database [128], 476 subjects from the FRGC v2.0 database5, 337 subjects

from the Multi-PIE database [158], and 199 subjects from the FEI database6.

5.3 Baseline algorithms

The intra- and inter-modality algorithms proposed in literature that are chosen as

a basis for comparison are some of the most popular and best-performing systems

currently available, as follows:

5Available at: http://www.nist.gov/itl/iad/ig/frgc.cfm
6Available at: http://fei.edu.br/~cet/facedatabase.html

64

http://www.nist.gov/itl/iad/ig/frgc.cfm
http://fei.edu.br/~cet/facedatabase.html


Chapter 5. Implementation & Evaluation Methodology

• Face recognisers

– The traditional Eigenfaces (PCA) FRS [37] is used as a baseline for the

intra-modality methods, which also use PCA as a face recogniser.

– VGG-Face [93] is a state-of-the-art FRS that achieved 97-99% accuracy

for unconstrained face recognition. Hence, the default network7 is used

as the benchmark for all methods, to determine if approaches designed

specifically for face photo-sketch recognition can exceed the performance

of a leading FRS. The VGG-Face network performance also serves as

a baseline performance measure given that the proposed DEEPS and

DEEPS-M systems are initialised with the parameters of this network.

• Intra-modality algorithms with Eigenfaces (PCA) [37] as the FRS

– Eigentransformation (ET) [17,33], chosen since it is one of the simplest

and most popular approaches for pseudo-photo/sketch synthesis

– Locally Linear Embedding (LLE)-based approach in [34,159] chosen

since, in contrast to ET, it operates on local regions and is reported

to achieve good performance

• Inter-modality methods

– Histogram of Averaged Orientation Gradients (HAOG) [10], chosen be-

cause it was reported to achieve 100% recognition rate even at low ranks

on the CUFS database

– CBR algorithm [6], which was designed to operate on software-generated

sketches

– D-RS algorithm [12,69], chosen since it performs even better than the

more recent P-RS algorithm [12] on hand-drawn sketches and outper-

formed the FaceVACS COTS FRS which is considered to be one of the

best commercial face matchers especially in HFR scenarios [12].

– The fusion of the CBR and D-RS algorithms (CBR + D-RS), yield-

ing the FaceSketchID system [19], is an approach that was shown to

outperform both CBR and D-RS on viewed hand-drawn and software-

generated sketches, and forensic hand-drawn sketches. CBR + D-RS is

considered a state-of-the-art face photo-sketch recognition system.

7Available at: http://www.robots.ox.ac.uk/~vgg/software/vgg_face
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In the case of the intra-modality methods, only the results of photo-to-sketch syn-

thesis are reported due to better performance than sketch-to-photo synthesis, as

demonstrated in Appendix A.1 and [62]. Also, only one sketch and one photo

for each subject are used during testing of all the above methods (the original

non-synthetic images). Lastly, since virtually no intra- or inter-modality methods

proposed in literature were readily available, all algorithms considered have been

implemented from scratch. To determine whether the re-implemented algorithms

are faithful replicas of the originals, the same evaluation protocol as described in

the papers was employed and results were verified to be virtually identical. In cases

where the exact protocol could not be recreated, paper authors were contacted to

provide the exact parameters of the algorithms to ensure a good implementation.

Further discussion is also provided in Section 6.7.

5.4 Algorithms proposed in this work

The methods proposed in literature as described in Section 5.3 are compared to

the work proposed in this research as detailed in Chapter 3, primarily: (i) EP [62],

(ii) LGMS [131], and (iii) DEEPS and DEEPS-M. Fusion of these methods is also

considered, via combination of both intra- and inter-modality methods and com-

bination of multiple inter-modality methods (i.e. LGMS and DEEPS/DEEPS-M,

following observations in literature that methods based on deeply learned features

can still benefit from methods based on engineered features [151]). Hence, the

performance of the following fused methods are also considered, using min-max

normalisation and sum-of-scores fusion [135]: (i) ET+EP+HAOG as presented

in [62], (ii) LGMS+EP as presented in [131], (iii) DEEPS/DEEPS-M+EP, (iv)

LGMS+DEEPS/DEEPS-M, and (v) LGMS+DEEPS/DEEPS-M+EP. The last

method represents the culmination of all proposed work in this research, namely

the combination of all methods and the observation that intra- and inter-modality

methods can provide useful complementary information.
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5.5 Evaluation methodology

Due to the various database sizes, different evaluation protocols will be applied

for the viewed hand-drawn sketches, for the viewed software-generated composite

sketches and for the forensic sketches. Details will now be given hereunder.

5.5.1 Performance metrics

Since sketches are typically used when heinous crimes are committed, a large

amount of attention is dedicated by investigators in solving the crime. There-

fore, the top K best matching subjects are often given equal importance to the

best match [6,12] in criminal investigations. K typically lies in the range [50, 200]

[6,7,9,12]. As a result, the main algorithm evaluation metrics are the Rank-retrieval

rates, which indicate how many subjects were correctly identified at Rank-X. For

example, a Rank-50 rate of 60% indicates that the algorithm correctly identified

60% of subjects as being within the top 50 best matches. Rank retrieval rates are

displayed graphically using Cumulative Match Curves (CMCs). False Accept Rates

(FARs) at fixed True Accept Rates (TARs)8 along with the corresponding Receiver

Operating Characteristics (ROC) curves are also provided. Lastly, the error rate

at the ROC operating point where the number of false positives and false negatives

are equal, known as the Equal Error Rate (EER), is also reported. The ROC curve

and the EER are often used to measure the performance of FRSs [118,160].

It should be noted that all algorithms use the same train/test sets; hence, the

reported standard deviations are a measure of the consistency in performance of

each algorithm.

5.5.2 Database partitioning

An overview of the number of subjects used for training and testing the algorithms

considered will now be provided. Since photo-to-sketch synthesis is employed, it

8FARs represent how many subjects are accepted as matches when they actually do not match
the query image. This is done by setting a threshold on the similarity score (or distance measure)
and determining the number of non-matching subjects having a higher score (smaller distance)
than the threshold. The correct matches are used to calculate the TARs.
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should be noted that the face recogniser used for the intra-modality methods is

trained using both the sketches of the subjects in the training set and the corre-

sponding synthesised sketches, similar to the approach in [18].

Viewed hand-drawn sketches

The 1552 photo-sketch pairs are partitioned into three sets as described in Sec-

tion 5.1. In this project, 800 subjects are selected to train the inter-modality

methods and face recognisers, 350 subjects are used to train the intra-modality

methods, and the remaining remaining 402 subjects are used for testing. The sets

are disjoint, such that each subject is used in only one of the three sets. Since

the training and test sets are constructed by random selection of subjects, each

algorithm is evaluated on three different training and test sets and the average and

standard deviations of results recorded.

Viewed software-generated composite sketches

The UoM-SGFS database created in this work is partitioned such that 450 subjects

are used for training while the remaining 150 subjects are used for testing. To avoid

using too few subjects to train the intra modality algorithms and inter-modality

methods or face recognisers, the same training set is used for both types of methods.

Each algorithm is evaluated on five different train/test set-splits and the average

and standard deviations of results recorded.

Forensic sketches

All 47 hand-drawn forensic sketches in the PRIP-HDC database [19] are used for

testing only due to the low quantity of sketches available. The same models ob-

tained after training the algorithms on the viewed hand-drawn sketches as discussed

above are then employed on the forensic sketches.
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Extended gallery

The gallery is extended by the face photos of 1521 subjects as described in Sec-

tion 5.2.4, for all types of sketches considered. As a result, the test gallery set

contains (i) N = 402 + 1521 = 1923 subjects when using the viewed hand-drawn

sketches, (ii) N = 150 + 1521 = 1671 subjects when using the software-generated

sketches, and (iii) N = 47+1521 = 1568 subjects when using the forensic sketches.

5.6 Summary

A robust evaluation methodology is employed, where several popular and state-of-

the-art face photo-sketch synthesis and recognition methods are employed on both

types of sketches that are used by law enforcement agencies, namely hand-drawn

and software-generated sketches. Moreover, most viewed sketches were selected

such that they contain several distortions and exaggerations which mimic real-world

sketches. Furthermore, real-world forensic sketches are also used for evaluation.

The gallery of photos with which sketches are compared is also populated with

additional subjects to mimic the extensive mug-shot galleries maintained by law

enforcement agencies. Thus, it is ensured that the task of determining the identity

of subjects by comparing their sketch images with a gallery of photos corresponds

to challenges faced in the real-world.
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Experimental Results

The experimental protocol outlined in Chapter 5 is used to obtain the results of

the algorithms considered, which will be presented in Sections 6.1 to 6.4 when

using viewed hand-drawn sketches, viewed software-generated sketches and real-

world forensic sketches. Analyses of the proposed DEEPS network visualisation,

and computation time and feature sizes of the algorithms considered are given in

Section 6.5 and Section 6.6, respectively. Concluding remarks are finally provided

in Section 6.8. Results of further in-depth analyses of the proposed methods are also

provided in Appendix A while additional results are provided in Appendix B. The

best result for each performance metric considered will be highlighted in boldface

in the tables presented in this chapter and in the appendices.

6.1 Hand-drawn sketches

As shown in Table 6.1 and Figure 6.1, the intra-modality methods are superior

to the FRSs including PCA which is used as the face recogniser for this type of

methods, indicating that they are able to successfully reduce the modality gap.

The higher performance of the proposed EP method compared to that attained

by ET also shows that performing synthesis at a local level instead at a global

level is beneficial. However, the intra-modality methods still typically lag be-

hind the performance of the inter-modality approaches. The only exception is

CBR, whose poor performance might be a result of being designed to operate on

software-generated sketches. However, its fusion with D-RS as done in [19] to create
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the state-of-the-art FaceSketchID system improves performance such that it is the

second-best performing algorithm. The LGMS method proposed in this research

outperforms all algorithms described in literature across every performance metric

used. LGMS’s matching rates also exhibit some of the lowest standard deviation

values of all methods, showing that the proposed method performs consistently

well on different train/test sets in contrast to algorithms such as ET and D-RS

at lower ranks. This is especially impressive considering that challenging sketches

from the CUFSF database, which contain several deformations and exaggerations

that make the identification task more challenging, were used. In fact, this can

be demonstrated by the decreased performance of the algorithms considered when

compared to that reported in literature. For example, the HAOG algorithm that

was reported to achieve a Rank-1 rate of 100% on the easier CUFS database only

managed a rate of 54.9% with an extended gallery and additional sketches from

the CUFSF database. Moreover, LGMS outperforms D-RS despite using LDA as

the feature projection algorithm, which is theoretically inferior to RS-LDA as used

in D-RS. However, as shown in Section 6.6, RS-LDA yields larger features that

require more storage space than the use of LDA. Of course, this also holds for the

method fusing CBR and D-RS, which uses significantly larger features compared

to those of LGMS but only approaches similar performance at higher ranks.

DEEPS also achieves higher performance than all methods, including LGMS, ex-

cept below Rank-5. However, since law enforcement agencies would still manually

examine a few tens or hundreds of top matches, the performance at such low ranks is

arguably less important than other ranks. Comparison of DEEPS with VGG-Face,

which formed the basis of DEEPS, indicates that the proposed artificial expansion

of the training set and application of transfer learning are beneficial given the sig-

nificantly improved performance of DEEPS over the VGG-Face network. This is

also shown to be true for the software-generated sketches in Appendix A.4.

Fusion of intra- and inter-modality methods also enabled improved performance

compared to the individual algorithm performance, for the fusion of HAOG with

ET and EP (as published in [62]), the fusion of LGMS with EP (as published in

[131], and fusion of DEEPS with EP.

Empirically, it was also observed that there are several cases where LGMS performs

noticeably worse than DEEPS, and vice versa. As shown in Figure 6.4, this phe-

nomenon also holds true for the forensic sketches. In fact, the combination of the
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two methods using min-max normalisation and sum-of-scores fusion [135] yields

improved performance, demonstrating that the two approaches provide comple-

mentary information. The resultant fused system comprehensively outperforms all

other methods and is able to reduce error rates by 75.7% and 80.7% compared to

DEEPS and LGMS, respectively. Finally, fusion of DEEPS and LGMS with EP

improves performance further still, correctly retrieving over 96% of subjects at only

Rank-1 and yielding the lowest EER of just 0.17%.
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Figure 6.1: Results for algorithms considered when evaluated using the viewed hand-drawn
sketches, averaged over 3 set splits: (a) CMC curves, (b) ROC curves
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6.2 Software-generated composite sketches

The results of the algorithms considered are shown in Table 6.2 and Figure 6.2

when evaluated on the UoM-SGFS Set A database and in Table 6.3 and Figure 6.3

when evaluated on the UoM-SGFS Set B database.

Although algorithms achieve higher performance when operating on the Set B

sketches than the harder Set A sketches, trends in performance for both sets are

similar to those observed in the case of the hand-drawn sketches in Section 6.1,

namely the intra-modality methods typically achieve superior performance to the

FRSs but are inferior to the inter-modality methods. The proposed EP method

also improves upon the performance of ET, while fusion of intra- and inter-modality

methods is also beneficial. However, LGMS is now inferior to D-RS+CBR, the lat-

ter likely benefiting from the complementary information provided by the CBR al-

gorithm that was designed to operate on software-generated sketches. Nevertheless,

LGMS requires a similar amount of time to match its features, which also require

significantly less storage space than D-RS+CBR as elaborated in Section 6.6.

DEEPS comprehensively outperforms all methods considered on both sets of the

UoM-SGFS database, and its fusion with LGMS and EP further improves perfor-

mance to once again yield the best performing system. In fact, the performance

on the Set A sketches is superior to the state-of-the-art D-RS+CBR system when

operating on the easier Set B sketches. DEEPS and its fused variants are also the

only systems that exceed rank retrieval rates of 95% by Rank-150 on the Set A

sketches, where 96-99% of subjects are correctly identified.
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Figure 6.2: Results for algorithms considered when evaluated using the UoM-SGFS Set A
software-generated sketches, averaged over 5 set splits: (a) CMC curves, (b) ROC curves
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Figure 6.3: Results for algorithms considered when evaluated using the UoM-SGFS Set B
software-generated sketches, averaged over 5 set splits: (a) CMC curves, (b) ROC curves
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6.3 Evaluation on PRIP-VSGC and EPRIP

datasets

Since implementations for the recent deep learning-based methods in [121,123] are

unavailable, the proposed DEEPS+LGMS methods are evaluated with the same

protocol employed to obtain the results shown in these papers. Specifically, two

databases that each contain viewed software-generated composite sketches of the

123 subjects in the AR database [16] are used: (i) the PRIP Viewed Software-

Generated Composite (PRIP-VSGC) dataset [6,127] having sketches created by an

Asian operator using Identi-Kit, and (ii) the Extended PRIP (EPRIP) database

[121,124] containing the sketches of the same subjects, created by an Indian software

operator using the FACES software. The same terminology as used in literature

will be employed to refer to these two databases, namely IdentiKit (As) and FACES

(In) for the PRIP-VSGC and EPRIP databases, respectively. Only the Rank-10

retrieval rates will be reported since they are the only results reported numerically

(shown using exact values) in the papers. In addition, since the databases contain

viewed sketches only, DEEPS-M is not evaluated for the same reasons stated in

Section 3.3.4 (i.e. viewed sketches tend to bear a generally good resemblance to the

original photos and any amendments to the facial features as done in DEEPS-M will

likely reduce similarity). 49 subjects are reserved for training while the remaining

74 subjects are used for testing, with no extended gallery. Five cross-validation folds

are performed. However, the training subjects are not used to re-train DEEPS due

to the limited quantity available, and to determine the robustness of the proposed

approach on images that are different to those used during training. The results

are provided in Table 6.4.

As shown, the proposed DEEPS framework outperforms the methods in [121,123]

on both datasets, particularly in the case of the EPRIP databases containing

sketches created using the FACES software by an Indian user. This is despite

DEEPS not being re-trained on the new databases. This indicates that the pro-

posed approach yielded a network that did not suffer from over-fitting and that

generalises quite well to different types of sketches which were unseen by the sys-

tem during training. In the case of the LGMS method, its performance is relatively

poor on the PRIP-VSGC database and its fusion with DEEPS yields improved per-

formance compared to itself but inferior performance compared to DEEPS. LGMS

also performs more poorly than DEEPS on the EPRIP database, but is notice-
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Table 6.4: Rank-10 retrieval rates (%) computed on the PRIP-VSGC and EPRIP databases,
corresponding to IdentiKit (As) and FACES (In) results, respectively, in [121] and [123].

Method
Matching Rate at Rank-10 (%)
IdentiKit (As) FACES (In)

Mittal et al. [121] 52.0± 2.4 60.2± 2.9
Saxena and Verbeek [123] 51.5± 4.0 65.6± 3.7

LGMS 26.1± 1.5 67.2± 2.2
DEEPS 55.2± 1.2 83.7± 2.4

DEEPS+LGMS 51.7± 2.2 91.7± 2.6

ably superior to [121] and marginally superior to [123]. The fusion of LGMS with

DEEPS on this dataset yields substantially improved performance, correctly re-

trieving 91.7% of subjects at Rank-10 compared to 65.6% of subjects retrieved

by the method in [123]. It should also be noted that the standard deviations of

LGMS, DEEPS, and DEEPS+LGMS are smaller than those of the methods in

[121,123], thereby indicating that their performance is more consistent. As can

be observed, all methods appear to be challenged on the PRIP-VSGC database

whose sketches were generated using IdentiKit. One of the main reasons may be

that the sketches themselves generally bear a subjectively poor resemblance to the

original photographs; indeed, even the creators of the database noticed significantly

degraded performance when using these sketches and did not use them extensively

in their experiments [6]:

“A comparison between the two component sketch kits FACES and Iden-

tiKit shows that FACES provides a more accurate depiction for the dif-

ferent faces in the AR database. Thus, in the following experiments,

we focus on the recognition of composite sketches generated using only

FACES”.
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6.4 Forensic sketches

All subjects were only used for testing by employing the same models that were

trained on the viewed hand-drawn sketches, due to the forensic sketch dataset’s

small size. Also for this reason, traditional performance measures may yield in-

accurate results, particularly for the computation of the True Accept Rates and

False Accept Rates. Indeed, the results of some metrics are identical for multiple

algorithms, leading to null standard deviation values. However, the relatively small

number of sketches facilities the analysis of the ranks at which each subject in the

dataset is retrieved by the algorithms considered. These are provided and discussed

in Appendix B.1, where the query forensic sketch and corresponding gallery photo

are shown to facilitate the determination of any challenges faced by an algorithm

when comparing the two images. To summarise the performance of the methods

considered, the mean values of the ranks at which the true identity of the 47 sub-

jects is retrieved are computed instead of the rank retrieval rates and TARs at

given FARs, which are shown in Table 6.5.

From the results given in Table 6.5, some differences with respect to the viewed

hand-drawn sketches can be noticed. In particular, although EP also improves upon

the performance obtained by ET, both intra-modality methods perform worse than

the PCA method which is also used as the face recogniser for the two methods.

In addition, LLE only improves performance marginally. This poor performance

is likely due to the significant differences between forensic sketches and the corre-

sponding photos, since these intra-modality methods primarily aim to reduce the

modality gap only. Hence, the synthetic pseudo-sketches obtained are still rather

dissimilar to the corresponding sketches, and the face recogniser is unable to cater

for these differences.

The inter-modality algorithms, which are designed to use features that are robust

for both the sketch and photo domains, perform noticeably better. However, it

should also be noted that the VGG-Face algorithm also performs relatively well.

Moreover, in contrast to the viewed sketches, CBR performs significantly better

than D-RS such that their fusion yields better performance than that of CBR

alone. Indeed, this algorithm yields the best performance of algorithms proposed

in literature.

Comparing DEEPS to LGMS in terms of differences in the ranks at which the
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identity of the subjects are retrieved as shown in Figure 6.4, it is evident that both

methods perform relatively well on the forensic sketches and achieve mean rank

retrieval values of 325.02 and 398.27, respectively. This demonstrates that, over-

all, DEEPS is able to successfully retrieve subjects at smaller ranks than LGMS.

That said, both LGMS and DEEPS lag behind the performance of D-RS+CBR.

However, as elaborated hereunder, fusion of LGMS and DEEPS yields a system

that outperforms all methods considered, including D-RS+CBR. Furthermore, the

performance of LGMS can be improved through its fusion with EP, despite the

poor performance of the latter on forensic sketches. Fusion of EP with HAOG and

ET also improves performance with respect to the performance of the individual

methods, further demonstrating that fusion of intra- and inter-modality algorithms

as investigated in this research can benefit from complementary information.

As shown in Figure 6.5, DEEPS-M is generally able to retrieve subjects at bet-

ter ranks than DEEPS, lowering the mean rank retrieval values to 312.11. This

indicates that the proposed use of multiple sketches can indeed be beneficial dur-

ing deployment. It is likely that performance can be improved with the use of a

more flexible morphable model that allows better variation of the facial features,

which are also able to reflect more closely the distortions and exaggerations that

are typically found in forensic sketches.

As observed in the case of viewed sketches, LGMS and DEEPS can provide com-

plementary information to yield improved performance. This also holds for the

forensic sketches, yielding a mean retrieval rank of 272.58 which is lower than ei-

ther algorithm. Fusion of the superior DEEPS-M with LGMS also leads to smaller

ranks than either approach as shown in Figure 6.7, indicating that the two methods

also provide complementary information for forensic sketches. Indeed, the average

rank value is reduced by 13.9% and 32.5% compared to DEEPS-M and LGMS,

respectively, to 268.82. This demonstrates that the fusion is overall substantially

beneficial. Moreover, as depicted in Figure 6.6, instances where subjects are re-

trieved at large ranks can be simply a consequence of the top matches being more

similar to a probe sketch than the true corresponding photo, and not due to a

failure of the algorithm. Finally, fusion of EP with DEEPS+LGMS and DEEPS-

M+LGMS fails to improve performance on the forensic sketches, due to the poor

performance of EP as discussed above.
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Table 6.5: Average values over all ranks of the 47 subjects in the PRIP-HDC [19] forensic
sketch database, for the algorithms considered after averaging over 3 set splits.

# Algorithm Average rank

1 VGG-Face [93] 430.16
2 PCA [37] 485.24

3 ET (+PCA) [17] 660.99
4 LLE (+PCA) [34] 481.84

5 HAOG [10] 576.21
6 CBR [6] 351.28
7 D-RS [12,69] 482.11
8 CBR + D-RS [12] 312.00

9 EP (+PCA) 611.83
10 ET + EP + HAOG 570.43
11 LGMS 398.27
12 LGMS + EP 383.70
13 DEEPS 325.02
14 DEEPS + EP 376.27
15 DEEPS + LGMS 272.58
16 DEEPS-M 312.11
17 DEEPS-M + LGMS 268.82
18 DEEPS + LGMS + EP 289.46
19 DEEPS-M + LGMS + EP 286.11
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Figure 6.4: Ranks of all 47 subjects in the PRIP-HDC database [19] for LGMS and DEEPS.
Smaller values are desired.
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Figure 6.5: Rank differences for all 47 subjects in the PRIP-HDC database [19] when comparing
DEEPS with DEEPS-M (positive values indicate DEEPS-M rank improvements).

Probe True match Rank-1 Rank-2

PRIP-HDC [19] PRIP-HDC [19] MEDS-II MEDS-II

PRIP-HDC [19] PRIP-HDC [19] FRGC FRGC

Figure 6.6: Examples where best matches retrieved by LGMS + DEEPS-M bear a better liking
to probe than the true match. Subject in first row is retrieved at rank 213, while subject in
second row is retrieved at Rank 293.
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Method Rank

D-RS+CBR [19] 499.00
LGMS 82.67
DEEPS 53.00

DEEPS-M 11.33
LGMS+DEEPS 38.33

LGMS+DEEPS-M 22.33

Method Rank

D-RS+CBR [19] 880.00
LGMS 342.33
DEEPS 504.00

DEEPS-M 402.00
LGMS+DEEPS 329.33

LGMS+DEEPS-M 275.33

Method Rank

D-RS+CBR [19] 321.00
LGMS 14.67
DEEPS 337.67

DEEPS-M 315.33
LGMS+DEEPS 33.00

LGMS+DEEPS-M 27.67

Method Rank

D-RS+CBR [19] 1037.00
LGMS 717.67
DEEPS 118.00

DEEPS-M 81.67
LGMS+DEEPS 207.00

LGMS+DEEPS-M 154.00

Method Rank

D-RS+CBR [19] 112.00
LGMS 712.67
DEEPS 44.00

DEEPS-M 40.33
LGMS+DEEPS 171.00

LGMS+DEEPS-M 160.00

Figure 6.7: Examples of ranks (averaged over three set splits) at which the correct photo is
retrieved given a query forensic sketch. Images available in the PRIP-HDC database [19]. Ranks
for all subjects in the database are given in Appendix B.1.
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6.5 DEEPS/DEEPS-M network visualisation

To understand what contributes to the performance of DEEPS and the related

DEEPS-M method, two approaches are considered: (i) the approach in [161], which

approximates the inverse of the output representation for each layer (i.e. inferring

the input from the output representation), and (ii) the t-Distributed Stochastic

Neighbour Embedding (t-SNE) approach [162] which performs non-linear dimen-

sionality reduction of the 1024-D features derived from photos and sketches to

2-D, an approach that is well-suited to visualise high-dimensional datasets. More

information about these methods and additional results are given in Appendix A.5.

In terms of the output at each layer by the method in [161] as shown in Figure 6.8,

it can be observed that most layers retain the structural information of face images

and is invariant not only to limited variations in the facial components, but also to

translation and larger differences in the facial components. Moreover, the network

appears capable of inferring color information given a grayscale sketch image, for

both light-skinned and dark-skinned subjects.

The visualisations produced by the t-SNE approach, as shown in Figure 6.9, in-

dicate that the distribution of face photos and the corresponding face sketches

are quite similar, showing that the network handles photos and sketches in a sim-

ilar manner. In other words, the network appears to have successfully learned

modality-invariant features, such that a single network is capable of handling two

modalities. Moreover, it can also be observed that certain classes of images are

clustered together despite no supervision being provided to the network to enable

this behaviour, e.g. by race, gender, or finer characteristics such as facial hair. In

this manner, the network is implicitly performing demographic filtering.

The above observations indicate that the learned network is robust to the significant

cross-domain gap between photos and sketches, despite using a single network to

handle two modalities.
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L0 (Input photo) L14 (Mpool) L21 (ReLU)

L0 (Input sketch) L14 (Mpool) L21 (ReLU)

L0 (Input photo) L14 (Mpool) L21 (ReLU)

L0 (Input sketch) L14 (Mpool) L21 (ReLU)

Figure 6.8: Examples of network visualisation, using the method in [161]: first row: photo of
a subject in the Color FERET database [13,152], second row: corresponding hand-drawn sketch
in the CUFSF database [15,129], third row: photo of a subject in the PRIP-HDC database [19],
fourth row: corresponding forensic hand-drawn sketch in the PRIP-HDC database [19]
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(a) (b)

(c)

Figure 6.9: Visualisation of network using the t-SNE method [162]: (a) Photos and (b) cor-
responding hand-drawn sketches, (c) zoomed areas of photos visualisation. Categories appear
to have been automatically arranged by semantic similarity despite not being enforced during
training, such as men with beards (top left), females (top right), Asian subjects (lower right),
and dark-skinned subjects (lower left). Similar observations can also be made for the sketches
visualisation. Images best viewed on a screen.
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6.6 Computation time and feature sizes

The time required to compute and compare the features of the algorithms con-

sidered will now be discussed. However, practical implementations of face photo-

sketch recognition systems would likely pre-compute the features of all subjects

in the law enforcement agencies’ database and store them as biometric templates,

similar to the process done for other biometric traits [4,163]. Then, the image of

a new subject is simply enrolled by computing its features and storing them along

with the other templates. Hence, the storage space requirements are arguably more

important than computation time.

All algorithms were implemented in MATLAB R2015b on a computer running

an Intel Core i7-4770k processor, 32GB RAM, and Windows 10. In the case of

the methods based on DCNNs (i.e. VGG-Face [93], DEEPS and DEEPS-M), the

MatConvNet toolbox [104] was used in conjunction with an NVIDIA Titan X Pascal

GPU provided by NVIDIA Corporation to enable faster feature computation times.

Feature matching is still performed by the Intel Core i7-4770k CPU.

It should be noted that the values for methods that are fused are simply the addition

of the feature dimensionality and computation times for each individual method.

Of course, computation time can be reduced by performing the computations of

each method in parallel where possible. Furthermore, the individual algorithms

are not optimised for speed and are also serially implemented; although several

algorithms can be made faster by performing computations in parallel provided

that they can be handled by the computation system employed (in terms of both

processing power and memory required), the worst case scenario where methods

are computed serially is assumed for the rest of this discussion.

The computation times and feature dimensionalities are given in Table 6.6. It

is evident that the proposed LGMS and DEEPS methods are quite efficient in

terms of the template size, which is one of the most important parameters for

systems implemented in the real-world. Another important aspect is the time to

match templates, where DEEPS is the fastest algorithm considered while LGMS

requires the most amount of time. However, the fused variants of these methods

yield overall significantly smaller templates and a similar overall matching time

compared to the state-of-the-art D-RS+CBR system. Although the intra-modality
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methods are also quite efficient1, their performance is quite poor when compared

to the inter-modality methods as discussed previously. The matching times for the

proposed DEEPS-M method are comparable to other methods, but utilises more

storage space than DEEPS since a subject is represented using 200 sketches. Hence,

a system implemented in the real-world could utilise the DEEPS system instead of

DEEPS-M if there exist tight storage limitations, given that DEEPS and its fusion

with LGMS still perform well.

1The intra-modality methods use PCA as the face recogniser, which retains 99% of the eigen-
value variance; thus, the feature sizes are variable and the results shown in Table 6.6 are average
values
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Chapter 6. Experimental Results

6.7 Evaluation of method re-implementation in-

tegrity

All methods proposed in literature and used for evaluation in this chapter, ex-

cept for PCA and the VGG-Face descriptor, have been implemented from scratch

in this research since their code is unavailable. To determine whether the re-

implementations are a faithful representation to the original methods, the same

evaluation protocols were implemented and the results obtained were compared to

those published in literature. However, as shown in Table 6.7, most methods use

one or more databases which are either unavailable or whose protocol (i.e. the list

of image names used) is not provided. Consequently, an exact comparison cannot

be performed. Hence, it was ensured that the re-implementations were done by

closely following the published method descriptions and contacting paper authors

when any missing information was encountered.

In the case of the ET, LLE and HAOG algorithms, the images used for their

evaluation in literature are publicly available. Hence, the performance obtained in

this research could be verified to be almost identical to that reported in literature2.

For the other algorithms, an analysis into observations which could indicate whether

the re-implementations are faithful representations of the original were performed

in lieu of exact results. For example, in the case of D-RS, the implementation in

[12] used a publicly available photo-sketch dataset but also used a private extended

gallery. Since the use of an extended gallery typically makes the identification task

more difficult (thus reducing performance3.), then it should at least be expected

that the use of the photo-sketch dataset by itself would enable better performance

than that reported in [12]. This was indeed the case, indicating that the algorithm

was implemented successfully.

For the deep learning-based methods in [123] and [124], re-implementations were

not possible since the algorithms use a vast amount of images to train deep net-

works; hence, there are numerous random factors which cannot be easily replicated

(e.g. initialisation of network (which is done randomly and can affect convergence),

2Small deviations in results are to be expected, due to minor variations in image alignment
(e.g. due to different faducial coordinates), and details such as the programming language used
and variable types (which are often unspecified).

3More details may be found in [6,9], and Appendix B.3
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any data augmentation techniques involving random decisions such as image flips,

etc.). However, the EPRIP database and one set in the PRIP-VSGC database that

were used in both methods are publicly available. Hence, the proposed methods

were evaluated using the same protocol to enable a direct comparison with the

results reported in [123] and [124].
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6.8 Summary

The main methods proposed in literature were discussed in Chapter 2, and some

of the most popular and best-performing methods were evaluated. The methods

proposed in this research as outlined in Chapter 3 were also evaluated. It was

ensured that the identification task was as realistic as possible by using challenging

hand-drawn sketches in the CUFSF database and software-generated sketches in

the UoM-SGFS database created in this research, along with an extended gallery to

simulate the extensive mug-shot galleries maintained by law enforcement agencies.

Real-world forensic hand-drawn sketches were also utilised.

It was demonstrated that the proposed EP intra-modality method can improve

upon the performance of the related ET method, highlighting the importance

of using local patch-based processing. However, while the performance of intra-

modality methods is generally superior to traditional FRSs, they lag behind the

performance of inter-modality methods. Moreover, the synthesised images often

contain artefacts which affect a face recogniser’s performance especially when pho-

tos are synthesised from sketches, since an image of higher complexity than the

source is being constructed. Whilst good quality images have been synthesised by

methods reported in literature, these were typically evaluated on databases con-

taining sketches that are very similar to the corresponding photos and typically fail

when more challenging images as found in real-life are used instead.

LGMS was shown to outperform leading algorithms on viewed hand-drawn sketches

and is only slightly inferior on software-generated sketches and forensic sketches.

The proposed transfer learning of a DCNN using a training set enlarged with the

aid of a 3D morphable model, which is the first work to use such an approach,

was shown to be greatly beneficial. In fact, the resultant DEEPS method generally

outperformed LGMS and indeed all algorithms proposed in literature. The per-

formances of both LGMS and DEEPS are remarkable considering the lower time

required to generate and compute features, and the lower burden on storage re-

quirements compared to the leading methods proposed in literature. Moreover, no

forensic sketches were used for training due to their low quantity. Therefore, the use

of more real-world forensic sketches could potentially yield improved performance

(if and when they become available to researchers).

Fusion of intra- and inter-modality algorithms, which has been inadequately studied
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in literature, was also shown to be beneficial in several instances. The use of

multiple sketches during test-time, which has also been rarely explored in literature,

was shown to be beneficial for real-world forensic sketches. The proposed approach

is also the first to generate these sketches automatically, enabling a timely and cost

effective real-world solution.

Ultimately, the best-performing approaches on the viewed sketches were the fusion

of LGMS with DEEPS or DEEPS-M and of LGMS, DEEPS/DEEPS-M, and EP.

However, the performance of EP and the other intra-modality methods was rela-

tively poor on the real-world forensic sketches, and its fusion with inter-modality

methods generally hindered performance. As a result, the final proposed meth-

ods are the fusion of LGMS with DEEPS, and of LGMS with DEEPS-M. While

the latter approach yielded superior performance, it also requires more computa-

tion time and, more importantly, storage space. Hence, the choice to determine

which system is to be used in a practical scenario depends primarily on the storage

space constraints of the particular application. Even with the technically inferior

DEEPS, performance is still sufficiently robust with considerably lower compu-

tation time and storage requirements than not only LGMS+DEEPS-M, but also

current state-of-the-art methods proposed in literature.
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Conclusions

The problem of identifying subjects based on sketches obtained from eyewitness

descriptions of criminals has been tackled in this dissertation. Algorithms have

been studied and created for both of the two main approaches for face photo-sketch

recognition, namely intra- and inter-modality methods.

The initial Eigenpatches (EP) approach described in [62] improved performance

over Eigentransformation (ET) on which it was based, while the benefits of fus-

ing intra- and inter-modality methods were also demonstrated. However, intra-

modality methods tend to be complex and computationally intensive while at-

tempting to solve a more complex task than the problem of recognition itself,

so that focus was then shifted towards inter-modality approaches. To this end,

the log-Gabor-MLBP-SROCC (LGMS) approach was created and was shown to

outperform some of the most popular and state-of-the-art methods proposed in

literature despite using a relatively simple training algorithm [131].

Although most law enforcement agencies now use software-generated sketches rather

than hand-drawn sketches [6], publicly available software-generated sketch databases

are limited. Hence, the University of Malta Software-Generated Face-Sketch (UoM-

SGFS) database was created, initially consisting of 600 sketches of 300 subjects as

described in [14] and later doubled in size to contain 1200 sketches of 600 subjects.

This database is the largest software-generated face sketch database and indeed one

of the largest face sketch databases available, the only one consisting of sketches

which are all represented in colour, the only one containing sketches created with

the popular EFIT-V software, and one of the few to contain multiple sketches per
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subject. The database was used to enable evaluation of algorithms operating on

software-generated sketches, along with hand-drawn sketches. In addition, even

the viewed sketches used in this work contained several distortions and exaggera-

tions similar to those found in real-life, while an extended gallery to simulate the

extensive mug-shot galleries maintained by law enforcement agencies was also em-

ployed. Real-world forensic sketches were also used for evaluation, thus ensuring

that the proposed algorithms and state-of-the-art algorithms proposed in literature

were evaluated under realistic conditions.

In this research, a novel Deep Convolutional Neural Network (DCNN)-based frame-

work called DEEP (face) Photo-Sketch System (DEEPS) was also proposed and

was shown to outperform all methods considered on both hand-drawn and software-

generated sketches, by applying transfer learning to a leading DCNN-based FRS

using a large set of synthetic images that were created automatically with the aid

of a 3D morphable model. DEEPS was also extended to use multiple synthetic

sketches during system deployment to yield the DEEPS Multi-sketch (DEEPS-M)

system, which was shown to further improve performance. The fusion of LGMS and

DEEPS or DEEPS-M were shown to yield the best performance of all algorithms,

even on real-world forensic sketches. In addition, these methods are quite efficient

in terms of both computation time and storage space requirements, particularly

when compared to existing methods; hence, their implementation in the real-world

by law enforcement agencies is largely feasible.

The proposed algorithms serve as a solid basis for any future work to be carried out,

including the use of even more photos and sketches to aid training (particularly

in the case of forensic sketches), and the application of the proposed methods to

other heterogeneous face recognition tasks.
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Future Work

While the proposed framework has achieved good performance on viewed, foren-

sic, hand-drawn and software-generated sketches, some aspects could be improved.

Proposals for future improvements will thus be given hereunder, in Section 8.1.

Suggestions will also be given in Section 8.2 for alternative approaches that can be

undertaken to tackle the problem of face photo-sketch recognition.

8.1 Extensions of proposed work

Despite its great success, the current iteration of DEEPS has a few drawbacks that

could be improved in the future. One of the most prominent is the susceptibility

of the 3D morphable model to create synthetic images containing artefacts when

the facial components are varied using large values. In addition, some off-pose

faces are also handled incorrectly. Hence, the use of more advanced face fitting and

morphable models such as the approach in [165] that is based on deep learning and

which has attained promising performance, or commercial systems as employed

in [166], could be used to render images of higher quality that can also aid both

training and testing performance. Moreover, a more advanced morphable model

would also allow greater flexibility in the adjustment of the facial components and

facial expression to enable the network to be even more resilient to such variations

that can occur in facial images. Multiple pose and lighting variations could also

be considered to allow matching of sketches with photographs obtained in the

wild from surveillance cameras, smartphone cameras, etc. Empirically, it was also
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observed that DEEPS can be susceptible to colour intensity. While it is not entirely

undesirable, since it enables implicit racial filtering, pre-processing of the photos

and sketches could be performed to normalise image illumination, in addition to

mean subtraction removal. A more detailed study into the use of multiple synthetic

sketches during system deployment could also be carried out, primarily in terms of

the fusion techniques to be used.

Different deep neural network architectures may also prove to be superior to the

network used in this paper, along with new types of layers such as batch normalisa-

tion that has enabled better convergences [102]. The performance of intermediate

features of the network employed could also be explored in the future, along with

an analysis of the effect on performance when the output feature dimensionality is

reduced.

With regards to the LGMS method, the log-Gabor filters are all given equal im-

portance in the present work. However, it may be the case that certain filters are

more important than others. Hence, an analysis into the usefulness of each of the

log-Gabor filters could be performed to learn weights that can potentially improve

performance. An alternative training method could also be explored, since the

PCA+LDA approach employed in the current work is computationally inexpensive

but is inferior to other approaches such as RS-LDA.

The combination of multiple datasets for algorithm training could also be explored,

namely the use of both hand-drawn and software-generated sketches as done in

[80] and the amalgamation of the two sets of the UoM-SGFS database. The use of

the approach proposed in [24] could also be considered to synthesise sketches that

contain less artefacts arising from the memory and communication gaps, which can

then be used for training and testing face recognisers and inter-modality methods.

Although the UoM-SGFS database is the largest software-generated sketch database

available, it could also be further enlarged to contain all subjects in the Color

FERET database on which it is based. This would allow larger training and test-

ing sets and thus potentially better performance and more robust results.

Finally, a larger extended gallery could also be employed to simulate the extensive

mug-shot databases maintained by law enforcement agencies more accurately.
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8.2 Alternative approaches

Different approaches to the implementation of deep learning could be considered.

Specifically, instead of using a single network to handle both photos and sketches,

two networks can be trained for each domain separately, similar to the approach

in [167]. Hence, one network and the resultant features would be adapted for

face recognition using photos, whereas the other network would be suited for face

recognition using sketches. During system deployment, photos are then input to

the network trained using face photos, whereas sketches are input to the network

trained on face sketches, to yield two sets of features that need to be compared to

determine if the photo and sketch belong to the same subject. There are numerous

ways in which this can be done, including training another network that uses the

two features to determine their similarity, or using subspace projection techniques

such as the classical Canonical Correlation Analysis (CCA) method [168] where

the two features are projected into a common subspace to facilitate comparison.

Algorithms can also be made more robust through the use of a larger number of

sketches, particularly real-world forensic sketches. The limited number of such

sketches (primarily due to privacy protection issues) at present are insufficient

for robust training and thus impose limitations on the performance that can be

attained. Unfortunately, this is also not directly within the control of researchers,

who must depend on law enforcement agencies to provide and allow the use of such

sketches. Particularly lacking at the time of writing this dissertation are software-

generated forensic sketches. Their availability would aid researchers in developing

algorithms capable of performing well when using software-generated sketches in

real-life scenarios.

More use of ancillary information could also be made. The authors of [23,87,169,

170] extracted several attributes describing low-level characteristics such as the

general shapes and sizes of facial components, which were used as a means of fil-

tering the subjects together with the traditional demographic filtering, which were

shown to improve performance. While the focus has been on attributes pertaining

directly to the face, use of external information such as shoulder shape could also

be considered as a means to identify the stature of the subject (e.g. weight, height,

etc.).

Given the success of DCNNs, their use for intra-modality recognition could also be
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investigated. Moreover, following the observations in this work that fusion of intra-

and inter-modality methods can be beneficial despite the relatively low performance

of intra-modality methods, the fusion of a good-performing intra-modality method

with the proposed DCNN system may yield substantial gains in performance.

Lastly, the algorithms considered in this research could also be applied for other

HFR tasks such as VIS-NIR matching, which also have important applications in

surveillance and security.

8.3 Summary

While the proposed methods have been shown to exceed the performance of state-

of-the-art methods, certain aspects could be improved to further increase perfor-

mance. The novel DCNN-based method proposed in this work also serves as proof

that such methods can not only be applied for the task of face photo-sketch recog-

nition, but can also yield good performance; hence, it serves as a good starting

point from where future research on the use of deep learning for face photo-sketch

recognition can resume in further detail. Apart from improvements to the al-

gorithms themselves, face photo-sketch databases could also be enlarged to enable

better training and testing of such algorithms, particularly in the case of real-world

forensic sketches. Investigations into other HFR domains could also be explored to

determine if the proposed work also attains good performance on these important

applications.
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Appendix A

Dissection of Proposed Methods

An analysis of the various components of the proposed algorithms, namely EP,

LGMS, and DEEPS and DEEPS-M, will now be given. The evaluation protocol is

based on that outlined in Chapter 5 unless otherwise stated.

A.1 Eigenpatches parameter tuning

The rank retrieval rates using different patch sizes are given in Figure A.1. Patch

sizes were set to be equal to 2p × 2p for p = 3, 4, . . . , 7. Evaluation was performed

using the sketches of 842 subjects in the CUFSF database [15,129] and the corre-

sponding face photos in the Color FERET database [13,152], where 211 subjects

are used to train EP, 211 subjects are used to train the face recogniser, and the

remaining 420 subjects are used for testing. Results were also reported in [62].

Firstly, it can be observed that photo-to-sketch (P2S) synthesis is superior to

sketch-to-photo (S2P) synthesis for all patch sizes at all ranks. This is likely due to

the fact that in transforming photos to sketches, a large amount of information is

being compressed into a smaller representation since photos tend to be more com-

plex and therefore contain more information. Transforming a photo to a sketch

is a more stable operation than attempting to expand a small representation into

a larger one, as in the case of S2P synthesis [17]. As can also be observed from

Figure 3.1 on Page 38, it is evident that S2P synthesis is unable to recover a face

photo adequately. From empirical observations, low patch sizes resulted in high
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Figure A.1: Recognition rate for varying patch sizes of the EP algorithm. S2P = sketch-to-photo
synthesis, P2S = photo-to-sketch synthesis.

amounts of noise which decreased with larger patch sizes, leading to superior per-

formance with increasing patch size. In addition, patches of size 128×128 pixels

roughly overlap with the individual facial components. Hence, synthesis is virtually

being done for each component and is thus a contributor to increased quality of

the synthesised images. Based on these observations, Eigenpatches with a patch

size of 128×128 pixels is used for the experiments conducted in this research.

A.2 LGMS ablation study

From the results of method 2 in Table A.1, the effectiveness of log-Gabor filtering is

clear given that the intensity features alone are able to provide good performance,

as demonstrated by the results of method 1. Nonetheless, the use of MLBP yields

noticeable improvements. However, the poor results when using MLBP on the un-

filtered images show the benefit in using both the local and global texture feature

descriptors. Also, the importance in using adequate distance or similarity mea-

sures is highlighted by the significantly higher performance obtained using SROCC

compared to the Euclidean distance and Cosine similarity that are often used as

feature or histogram comparison measures. The ensemble of the log-Gabor image

filtering, feature extraction using MLBP, and SROCC yields the best performance,

indicating that these components complement each other well for the task of face

photo-sketch recognition.
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A.3 DEEPS parameter tuning

The DCNN used in the DEEPS/DEEPS-M framework contains several parameters

that can be adjusted, most of which were set to the same values used to train the

VGG-Face network [93] that forms the basis of the DCNN as elaborated in Sec-

tion 3.3.1. However, the triplet distance margin (ref. Section 3.3.3) and batch size

when performing triplet embedding were not provided in [93]. Hence, these param-

eters were tuned on a validation set extracted from the training set. Utilising the

hand-drawn sketches due to the higher number of subjects available, the training

set is reduced from 800 subjects to 600 subjects and the remaining 200 subjects

are used for validation.

As shown in Table A.2, the effect of the parameter α which determines the distance

margin between positive and negative triplets is minor. Hence, the mid-point value

of α = 1.00 was chosen. With regards to the batch size, it is evident in Table A.3

that the smallest batch size of 250 images generally yields poorer performance than

larger batch sizes. However, differences between the results of the other batch sizes

are relatively minimal. Hence, a batch size of 500 exemplars was chosen due to

faster training times compared to the other batch sizes. The above triplet margin

and batch size values were thus used to compute the results in Chapter 6.
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A.4 DEEPS components

An analysis into the performance of each component of the proposed DEEPS frame-

work is now given, namely the benefit of transfer learning, data augmentation,

triplet embedding and the triplet embedding scheme used. Experiments are per-

formed on the UoM-SGFS Set A database and the results of several set-ups as

described in Table A.4 are shown in Table A.5.

A.4.1 Transfer learning & data augmentation

The set-up denoted by S2 considers the fine-tuning of the VGG-Face network pa-

rameters and the layer employing TDE using only one photo and one sketch per

subject (the original images), which yields noticeable improvements compared to

the basic VGG-Face network since it is now trained with both modalities. How-

ever, performance is only on par with the best-performing algorithm, namely D-

RS+CBR, results of which are shown in Section 6.2. The use of the synthesised

images created with the 3D morphable model for training as performed in S3 yields

substantial improvements across all performance measures, enabling the retrieval

of 6-13% more subjects and a reduction in the error rate by 33%. Since images

used to train S2 were randomly cropped and flipped, which are two of the most

common approaches employed to augment data, its inferior performance compared

to S3 indicates that the traditional data augmentation techniques are insufficient

for the task of face photo-sketch recognition. Compared to the performance of the

original VGG-Face method, transfer learning and the proposed data augmentation

increase rank retrieval rates by 15-35% and reduce the error rate by 55.9%.

Table A.4: Overview of different set-ups used to generate the results in Table A.5. All configu-
rations apply transfer learning to the basic VGG-Face network [93].

Config. Description

S1 No triplet embedding, using all images (original + synthetic)
S2 Using TDE for triplet loss and one image per subject (original)
S3 Using TDE for triplet loss and all images (original + synthetic)
S4 Using TSE for triplet loss and all images (original + synthetic)
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A.4.2 Triplet embedding

Employing a triplet embedding scheme is also beneficial, as observed in comparing

the performance of configuration S1 (which did not employ this scheme) with S3 and

S4 which both consist of S1 concatenated with a layer employing TDE and TSE,

respectively. More specifically, the additional layer that was tuned for verification

(and which also serves as a means of dimensionality reduction) enables the retrieval

of approximately 10% more subjects at most ranks, and reduces the error rate by

37%.

A.4.3 Triplet embedding scheme

Comparing the results of configurations S3 and S4 indicates that the two approaches

generally yield relatively similar performance. However, TDE tends to consistently

outperform TSE. Configuration S3 (which uses TDE) is therefore selected as the

final proposed architecture.

A.4.4 Facial adjustments

The proposed data augmentation strategy varies several attributes of a face image

in order to generate new synthetic images that are used for model training. An

ablative analysis of the effect on performance when omitting individual changes is

thus performed, to determine if any set of changes is more important than others.

Configuration S3 is used as the benchmark, since the same network set-up is used

and employs all images. As shown in Table A.6, the omission of any group of

changes leads to reduced performance, with the lack of weight and height variations

leading to the largest losses. This is likely a result of these variations affecting the

roundness of a face, which can easily be represented inaccurately in a sketch image.

Hence, the inclusion of images exhibiting these variations allow a network to be

more robust to such commonly encountered differences. The least performance

loss is observed in the case of age variations. This is likely a result of sketches

being generated while viewing the photos, such that the age is represented quite

accurately. However, law enforcement agencies may only have old photos of a

suspect, yielding significant differences between the age of the subject in the photo
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and the sketch. Hence, the effect of this attribute would likely be more prevalent

in real-world applications.

A.4.5 Fusion

The ranks of LGMS and DEEPS-M are compared to the system fusing both meth-

ods in Figure A.2 to determine the effects of fusion. Although fusion sometimes

leads to performance loss compared to one of the methods, it usually yields improve-

ment when compared to the other method. The fused system therefore performs a

trade-off between the benefits and weaknesses of both systems. Overall, the ranks

of most subjects improve considerably over those of both LGMS and DEEPS-M as

shown in Table 6.5 on Page 84 and thus LGMS+DEEPS-M is better generalised

than either method alone. Similar observations can also be made for the fusion of

LGMS and DEEPS.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47
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Figure A.2: Rank differences between all 47 subjects in the PRIP-HDC database [19] when com-
paring LGMS and DEEPS-M with LGMS+DEEPS-M (positive values indicate LGMS+DEEPS-
M rank improvements).

112



Appendix A. Dissection of Proposed Methods

T
a
b
le

A
.5
:

M
ea

n
s

an
d

st
an

d
ar

d
d

ev
ia

ti
on

s
ov

er
5

tr
ai

n
/t

es
t

se
t-

sp
li

ts
fo

r
va

ri
a
ti

o
n

s
o
f

D
E

E
P

S
w

h
en

ev
a
lu

a
te

d
o
n

U
o
M

-S
G

F
S

S
et

A
so

ft
w

a
re

-g
en

er
a
te

d
sk

et
ch

es
.

C
o
n

fi
g
u

ra
ti

o
n

d
es

cr
ip

ti
o
n

s
a
re

g
iv

en
in

T
a
b

le
A

.4
.

A
lg

or
it

h
m

M
at

ch
in

g
R

at
e

(%
)

a
t

R
a
n

k
-X

T
A

R
@

F
A

R
=

0
.1

%
T

A
R

@
F
A

R
=

1
.0

%
E

E
R

(%
)

X
=

1
X

=
10

X
=

50
X

=
1
0
0

X
=

1
5
0

V
G

G
-F

ac
e

9.
33
±

2.
45

31
.0

7
±

3.
73

59
.7

3
±

2.
5
2

7
3
.6

0
±

3
.5

8
8
0
.8

0
±

2
.7

2
1
1
.8

7
±

2
.4

7
3
7
.3

3
±

4
.4

0
1
4
.1

8±
1
.0

5
S

1
22

.8
0±

2.
88

49
.3

3
±

3.
65

73
.0

7
±

2.
6
9

8
2
.5

3
±

1
.8

5
8
7
.4

7
±

2
.0

8
2
9
.6

0
±

5
.5

3
5
4
.4

0
±

3
.9

0
9
.9

9±
1
.2

9
S

2
20

.9
3±

2.
14

52
.9

3
±

3.
96

76
.4

0
±

3.
2
5

8
5
.4

7
±

3
.2

5
9
0
.4

0
±

3
.7

9
2
7
.4

7
±

2
.7

2
6
1
.0

7
±

4
.6

8
9
.3

5±
1
.3

4
S

3
3
1
.6
0
±
1
.1
2

6
6
.1
3
±
2
.4
7

8
6
.0
0
±
1
.2
5

9
3
.4
7
±
1
.8
5

9
6
.4
0
±
1
.2
1

4
1
.8
7
±
3
.1
1

7
3
.4
7
±
2
.0
8

6
.2
6
±
0
.6
0

S
4

29
.7

3±
3.

35
62

.6
7
±

2.
26

8
6
.0
0
±
2
.0
0

9
2
.4

0
±

2
.8

5
9
6
.2
7
±
2
.1
9

3
9
.6

0±
2
.5

6
7
0
.9

3
±

1
.8

6
6
.3
9
±
0
.8
8

113



Appendix A. Dissection of Proposed Methods

T
a
b
le

A
.6
:

M
ea

n
s

an
d

st
an

d
ar

d
d

ev
ia

ti
on

s
ov

er
5

tr
ai

n
/
te

st
se

t-
sp

li
ts

w
h

en
ev

a
lu

a
te

d
o
n

U
o
M

-S
G

F
S

S
et

A
so

ft
w

a
re

-g
en

er
a
te

d
sk

et
ch

es
a
n

d
o
m

it
ti

n
g

in
d

iv
id

u
al

at
tr

ib
u

te
va

ri
at

io
n

s
(i

.e
.

ag
e,

ge
n

d
er

,
w

ei
gh

t,
an

d
h

ei
g
h
t)

fo
r

p
h

o
to

a
n

d
sk

et
ch

g
en

er
a
ti

o
n

.

D
es

cr
ip

ti
on

M
at

ch
in

g
R

a
te

(%
)

a
t

R
a
n

k
-N

T
A

R
@

F
A

R
=

0
.1

%
T

A
R

@
F
A

R
=

1
.0

%
E

E
R

(%
)

N
=

1
N

=
10

N
=

5
0

N
=

1
0
0

N
=

1
5
0

A
ll

va
ri

at
io

n
s

(C
on

fi
g.

S
3)

3
1
.6
0
±
1
.1
2

6
6
.1
3
±
2
.4
7

8
6
.0
0
±
1
.2
5

9
3
.4
7
±
1
.8
5

9
6
.4
0
±
1
.2
1

4
1
.8
7
±
3
.1
1

7
3
.4
7
±
2
.0
8

6
.2
6
±
0
.6
0

N
o

ag
e

va
ri

at
io

n
s

26
.9

3
±

2.
85

60
.5

3
±

3.
78

8
5
.4

7
±

2
.2

8
9
1
.4

7
±

1
.4

5
9
5
.7

3
±

1
.3

8
3
5
.7

3
±

4
.1

0
6
9
.7

3
±

3
.0

8
6
.7

8±
0
.9

7
N

o
ge

n
d

er
va

ri
at

io
n

s
27

.0
7±

1.
86

59
.4

7
±

4.
31

8
5
.2

0
±

3
.3

8
9
0
.6

7
±

1
.3

3
9
4
.6

7
±

1
.4

9
3
5
.8

7
±

2
.1

8
6
8
.2

7
±

5
.2

8
6
.9

3±
0
.3

9
N

o
h

ei
gh

t
va

ri
at

io
n

s
24

.6
7
±

3.
50

55
.8

7
±

6.
30

8
0
.8

0
±

4
.5

1
9
0
.0

0
±

2
.4

5
9
3
.7

3
±

1
.8

0
3
1
.4

7
±

4
.3

3
6
5
.2

0
±

7
.9

2
7
.2

4±
0
.6

1
N

o
w

ei
gh

t
va

ri
at

io
n
s

26
.2

7
±

3.
39

58
.1

3
±

8.
74

8
1
.4

7
±

3
.4

4
8
9
.7

3
±

2
.3

9
9
3
.3

3
±

2
.7

5
3
5
.2

0
±

5
.9

1
6
5
.4

7
±

6
.1

7
7
.6

2±
1
.6

5

114



Appendix A. Dissection of Proposed Methods

A.5 DEEPS/DEEPS-M network visualisation

As mentioned in Section 6.5, two methods are utilised to understand what con-

tributes to the performance of DEEPS and the related DEEPS-M method: the

first is the approach in [161], which is used to visualise the network at each layer.

More specifically, this method depicts what information is retained by the network

by approximating the inverse of the output representation to find the image whose

representation best matches the one given. This is performed by modelling the

representation output from a network as a function Φ(x) of the image x and then

computing the inverse Φ−1, formulated as a regularised regression problem that

essentially aims to minimise the Euclidean distance between the representation to

be inverted and the representation of the image that is found during the inversion

optimisation process. The solution (i.e. the image to be found) is initialised with

random noise and gradient descent is employed to minimise the objective function.

Since representations should mitigate irrelevant differences in images (e.g. illumi-

nation, face pose, viewpoint etc.), the network function should not be uniquely

invertible. Therefore, several reconstructions can be obtained which are virtually

indistinguishable from the network’s viewpoint. In this dissertation, four images

are obtained from each layer to cater for this observation.

The results when using the network trained using photo and hand-drawn sketch

pairs are shown in Figures A.4 to A.6 when inputting a photo and in Figures A.7

to A.9 when inputting a sketch. The results when also inputting a hand-drawn

forensic sketch and the corresponding photo are shown in Figures A.13 to A.15

and Figures A.10 to A.12, respectively. The results when using the network trained

using photo and software-generated sketch pairs are shown in Figures A.16 to A.18

when inputting a photo and in Figures A.19 to A.21 when inputting a sketch. The

original input images are depicted in Figure A.3.

As shown in the figures below, most layers retain the structural information of

the face images, although some differences in the facial components are evident at

deeper layers. This indicates that the network is invariant to slight differences in

the facial components, as desired. An interesting phenomenon also occurs in the

case of the sketches, where the network appears to attempt colour inference from

layer L8 onwards. This is true for subjects with white skin tones and also darker

skin tones. At the final layers (L19-L24), the network also becomes highly robust
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to translation and larger differences in the facial components.

The second network visualisation approach is via the t-Distributed Stochastic

Neighbour Embedding (t-SNE) method [162], which performs non-linear dimen-

sionality reduction of features (i.e. the 1024-D DEEPS features of the test images)

to 2-D, such that similar objects are located nearby while dissimilar objects are

farther apart. Results are shown in Figure A.22 when using hand-drawn sketches

and the corresponding photos, and in Figure A.23 when using software-generated

sketches and the corresponding photos. Due to the limited number of test im-

ages, the results are inconclusive in the case of the software-generated sketches.

However, the greater quantities of hand-drawn sketches and corresponding photos

allow several observations to be made (as also discussed in Section 6.5). First, the

distributions of face photos and the corresponding face sketches are quite similar,

showing that the network handles images from the two modalities in a similar man-

ner. Hence, the network appears to have successfully learned modality-invariant

features. Moreover, it can also be observed that certain classes of images are clus-

tered together despite no supervision being provided to the network to enable this

behaviour, e.g. by race, gender, or finer characteristics such as facial hair. In this

manner, the network is implicitly computing a form of demographic filtering.

(a) (b) (c)

(d) (e)

Figure A.3: Images used as input to networks: (a) Photo of a subject in the Color FERET
database [13,152], (b) corresponding hand-drawn sketch in the CUFSF database [15,129], (c)
corresponding software-generated sketch in the UoM-SGFS Set A database, (d) Photo of a subject
in the PRIP-HDC database [19], (e) corresponding forensic hand-drawn sketch in the PRIP-HDC
database [19]
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L1 (Conv) L1 (ReLU) L2 (Conv)

L2 (ReLU) L3 (Mpool) L4 (Conv)

L4 (ReLU) L5 (Conv) L5 (ReLU)

L6 (Mpool) L7 (Conv) L7 (ReLU)

Figure A.4: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn sketch
pairs for training and a photo as input.
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L8 (Conv) L8 (ReLU) L9 (Conv)

L9 (ReLU) L10 (Mpool) L11 (Conv)

L11 (ReLU) L12 (Conv) L12 (ReLU)

L13 (Conv) L13 (ReLU) L14 (Mpool)

Figure A.5: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn sketch
pairs for training and a photo as input.
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L15 (Conv) L15 (ReLU) L16 (Conv)

L16 (ReLU) L17 (Conv) L17 (ReLU)

L18 (Mpool) L19 (Conv) L19 (ReLU)

L21 (Conv) L21 (ReLU) L23 (L2 norm)

L24 (Conv)

Figure A.6: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn sketch
pairs for training and a photo as input.
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L1 (Conv) L1 (ReLU) L2 (Conv)

L2 (ReLU) L3 (Mpool) L4 (Conv)

L4 (ReLU) L5 (Conv) L5 (ReLU)

L6 (Mpool) L7 (Conv) L7 (ReLU)

Figure A.7: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn sketch
pairs for training and a sketch as input.
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L8 (Conv) L8 (ReLU) L9 (Conv)

L9 (ReLU) L10 (Mpool) L11 (Conv)

L11 (ReLU) L12 (Conv) L12 (ReLU)

L13 (Conv) L13 (ReLU) L14 (Mpool)

Figure A.8: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn sketch
pairs for training and a sketch as input.
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L15 (Conv) L15 (ReLU) L16 (Conv)

L16 (ReLU) L17 (Conv) L17 (ReLU)

L18 (Mpool) L19 (Conv) L19 (ReLU)

L21 (Conv) L21 (ReLU) L23 (L2 norm)

L24 (Conv)

Figure A.9: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn sketch
pairs for training and a sketch as input.
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L1 (Conv) L1 (ReLU) L2 (Conv)

L2 (ReLU) L3 (Mpool) L4 (Conv)

L4 (ReLU) L5 (Conv) L5 (ReLU)

L6 (Mpool) L7 (Conv) L7 (ReLU)

Figure A.10: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn
sketch pairs for training and a photo as input.
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L8 (Conv) L8 (ReLU) L9 (Conv)

L9 (ReLU) L10 (Mpool) L11 (Conv)

L11 (ReLU) L12 (Conv) L12 (ReLU)

L13 (Conv) L13 (ReLU) L14 (Mpool)

Figure A.11: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn
sketch pairs for training and a photo as input.
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L15 (Conv) L15 (ReLU) L16 (Conv)

L16 (ReLU) L17 (Conv) L17 (ReLU)

L18 (Mpool) L19 (Conv) L19 (ReLU)

L21 (Conv) L21 (ReLU) L23 (L2 norm)

L24 (Conv)

Figure A.12: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn
sketch pairs for training and a photo as input.
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L1 (Conv) L1 (ReLU) L2 (Conv)

L2 (ReLU) L3 (Mpool) L4 (Conv)

L4 (ReLU) L5 (Conv) L5 (ReLU)

L6 (Mpool) L7 (Conv) L7 (ReLU)

Figure A.13: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn
sketch pairs for training and a sketch as input.
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L8 (Conv) L8 (ReLU) L9 (Conv)

L9 (ReLU) L10 (Mpool) L11 (Conv)

L11 (ReLU) L12 (Conv) L12 (ReLU)

L13 (Conv) L13 (ReLU) L14 (Mpool)

Figure A.14: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn
sketch pairs for training and a sketch as input.
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L15 (Conv) L15 (ReLU) L16 (Conv)

L16 (ReLU) L17 (Conv) L17 (ReLU)

L18 (Mpool) L19 (Conv) L19 (ReLU)

L21 (Conv) L21 (ReLU) L23 (L2 norm)

L24 (Conv)

Figure A.15: Visualisation of network (shown in Table 3.1) when using photo/hand-drawn
sketch pairs for training and a sketch as input.
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L1 (Conv) L1 (ReLU) L2 (Conv)

L2 (ReLU) L3 (Mpool) L4 (Conv)

L4 (ReLU) L5 (Conv) L5 (ReLU)

L6 (Mpool) L7 (Conv) L7 (ReLU)

Figure A.16: Visualisation of network (shown in Table 3.1) when using photo/software-
generated sketch pairs for training and a photo as input.
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L8 (Conv) L8 (ReLU) L9 (Conv)

L9 (ReLU) L10 (Mpool) L11 (Conv)

L11 (ReLU) L12 (Conv) L12 (ReLU)

L13 (Conv) L13 (ReLU) L14 (Mpool)

Figure A.17: Visualisation of network (shown in Table 3.1) when using photo/software-
generated sketch pairs for training and a photo as input.
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L15 (Conv) L15 (ReLU) L16 (Conv)

L16 (ReLU) L17 (Conv) L17 (ReLU)

L18 (Mpool) L19 (Conv) L19 (ReLU)

L21 (Conv) L21 (ReLU) L23 (L2 norm)

L24 (Conv)

Figure A.18: Visualisation of network (shown in Table 3.1) when using photo/software-
generated sketch pairs for training and a photo as input.
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L1 (Conv) L1 (ReLU) L2 (Conv)

L2 (ReLU) L3 (Mpool) L4 (Conv)

L4 (ReLU) L5 (Conv) L5 (ReLU)

L6 (Mpool) L7 (Conv) L7 (ReLU)

Figure A.19: Visualisation of network (shown in Table 3.1) when using photo/software-
generated sketch pairs for training and a sketch as input.
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L8 (Conv) L8 (ReLU) L9 (Conv)

L9 (ReLU) L10 (Mpool) L11 (Conv)

L11 (ReLU) L12 (Conv) L12 (ReLU)

L13 (Conv) L13 (ReLU) L14 (Mpool)

Figure A.20: Visualisation of network (shown in Table 3.1) when using photo/software-
generated sketch pairs for training and a sketch as input.
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L15 (Conv) L15 (ReLU) L16 (Conv)

L16 (ReLU) L17 (Conv) L17 (ReLU)

L18 (Mpool) L19 (Conv) L19 (ReLU)

L21 (Conv) L21 (ReLU) L23 (L2 norm)

L24 (Conv)

Figure A.21: Visualisation of network (shown in Table 3.1) when using photo/software-
generated sketch pairs for training and a sketch as input.
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(a) (b)

(c)

Figure A.22: Visualisation of network using the t-SNE method [162] on 449 sketch-photo pairs:
(a) Photos and (b) corresponding hand-drawn sketches, (c) zoomed areas of photos visualisation.
Categories appear to have been automatically arranged by semantic similarity despite not being
enforced during training, such as men with beards (top left), females (top right), Asian subjects
(lower right), and dark-skinned subjects (lower left). Similar observations can also be made for
the sketches visualisation. Images best viewed on a screen.
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(a) (b)

(c) (d)

Figure A.23: Visualisation of network using the t-SNE method [162] on 150 photo-sketch pairs:
(a) Photos and (b) corresponding UoM-SGFS Set A sketches, (c) photos and (d) corresponding
UoM-SGFS Set B sketches. Images best viewed on a screen.
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Additional Results

Additional results for the algorithms considered in Sections 5.3 and 5.4 are given

in this Appendix, and serve as an extension of the results provided in Chapter 6.

B.1 Rank retrieval rates for forensic sketches

The exact rank values for some of the main algorithms considered are given for all 47

real-world forensic sketches of the PRIP-HDC database [19] in Figures B.2 to B.8.

The query sketch and true matching photo are also depicted to provide an insight

into the challenges that need to be overcome by the methods considered when

matching the two images. The ranks of the proposed methods are also summarised

in Figure B.1.
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Ranks at which all 47 subjects of the PRIP-HDC database are retrieved
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Figure B.1: Ranks of all 47 subjects in the PRIP-HDC database [19] for the methods considered.
Smaller values are desired.
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Method Rank

D-RS+CBR [19] 499.00
LGMS 82.67
DEEPS 53.00

DEEPS-M 11.33
LGMS+DEEPS 38.33

LGMS+DEEPS-M 22.33

Subject 1 (MISC 001)
Method Rank

D-RS+CBR [19] 1538.67
LGMS 1273.00
DEEPS 238.67

DEEPS-M 287.67
LGMS+DEEPS 690.67

LGMS+DEEPS-M 729.00

Subject 2 (MISC 002)

Method Rank

D-RS+CBR [19] 880.00
LGMS 342.33
DEEPS 504.00

DEEPS-M 402.00
LGMS+DEEPS 329.33

LGMS+DEEPS-M 275.33

Subject 3 (MISC 003)
Method Rank

D-RS+CBR [19] 144.33
LGMS 779.67
DEEPS 58.00

DEEPS-M 33.33
LGMS+DEEPS 260.33

LGMS+DEEPS-M 234.00

Subject 4 (MISC 004)
Method Rank

D-RS+CBR [19] 218.00
LGMS 375.00
DEEPS 434.00

DEEPS-M 458.67
LGMS+DEEPS 323.33

LGMS+DEEPS-M 342.00

Subject 5 (MISC 005)

Method Rank

D-RS+CBR [19] 283.33
LGMS 1384.67
DEEPS 770.00

DEEPS-M 724.67
LGMS+DEEPS 1147.00

LGMS+DEEPS-M 1130.33

Subject 6 (MISC 006)

Figure B.2: Ranks (averaged over three set splits) at which the correct photo is retrieved given
a query forensic sketch. Images available in the PRIP-HDC database [19].
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Method Rank

D-RS+CBR [19] 28.00
LGMS 1017.33
DEEPS 367.67

DEEPS-M 310.00
LGMS+DEEPS 573.67

LGMS+DEEPS-M 540.33

Subject 7 (MISC 007)
Method Rank

D-RS+CBR [19] 54.00
LGMS 22.00
DEEPS 141.33

DEEPS-M 186.67
LGMS+DEEPS 20.67

LGMS+DEEPS-M 23.67

Subject 8 (MISC 008)

Method Rank

D-RS+CBR [19] 10.00
LGMS 1284.67
DEEPS 189.67

DEEPS-M 187.67
LGMS+DEEPS 625.00

LGMS+DEEPS-M 635.67

Subject 9 (MISC 009)
Method Rank

D-RS+CBR [19] 738.33
LGMS 870.00
DEEPS 325.00

DEEPS-M 351.67
LGMS+DEEPS 456.00

LGMS+DEEPS-M 478.67

Subject 10 (MISC 010)
Method Rank

D-RS+CBR [19] 321.00
LGMS 14.67
DEEPS 337.67

DEEPS-M 315.33
LGMS+DEEPS 33.00

LGMS+DEEPS-M 27.67

Subject 11 (MISC 011)

Method Rank

D-RS+CBR [19] 360.33
LGMS 60.33
DEEPS 286.33

DEEPS-M 278.33
LGMS+DEEPS 110.67

LGMS+DEEPS-M 102.67

Subject 12 (MISC 012)

Figure B.3: Ranks (averaged over three set splits) at which the correct photo is retrieved given
a query forensic sketch. Images available in the PRIP-HDC database [19].
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Method Rank

D-RS+CBR [19] 397.67
LGMS 158.33
DEEPS 523.00

DEEPS-M 617.33
LGMS+DEEPS 202.33

LGMS+DEEPS-M 243.33

Subject 13 (MISC 013)
Method Rank

D-RS+CBR [19] 126.33
LGMS 8.00
DEEPS 599.67

DEEPS-M 613.67
LGMS+DEEPS 34.33

LGMS+DEEPS-M 37.33

Subject 14 (MISC 014)
Method Rank

D-RS+CBR [19] 115.67
LGMS 338.33
DEEPS 54.00

DEEPS-M 42.67
LGMS+DEEPS 67.00

LGMS+DEEPS-M 59.67

Subject 15 (MISC 015)
Method Rank

D-RS+CBR [19] 1458.33
LGMS 654.33
DEEPS 782.00

DEEPS-M 796.00
LGMS+DEEPS 698.33

LGMS+DEEPS-M 709.00

Subject 16 (MISC 016)

Method Rank

D-RS+CBR [19] 168.67
LGMS 11.33
DEEPS 176.67

DEEPS-M 99.00
LGMS+DEEPS 10.00

LGMS+DEEPS-M 6.67

Subject 17 (MISC 017)
Method Rank

D-RS+CBR [19] 1037.00
LGMS 717.67
DEEPS 118.00

DEEPS-M 81.67
LGMS+DEEPS 207.00

LGMS+DEEPS-M 154.00

Subject 18 (MISC 018)

Figure B.4: Ranks (averaged over three set splits) at which the correct photo is retrieved given
a query forensic sketch. Images available in the PRIP-HDC database [19].
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Method Rank

D-RS+CBR [19] 40.00
LGMS 29.00
DEEPS 177.33

DEEPS-M 201.67
LGMS+DEEPS 56.33

LGMS+DEEPS-M 61.00

Subject 19 (MISC 019)
Method Rank

D-RS+CBR [19] 24.67
LGMS 625.00
DEEPS 138.67

DEEPS-M 135.67
LGMS+DEEPS 211.00

LGMS+DEEPS-M 203.33

Subject 20 (MISC 020)
Method Rank

D-RS+CBR [19] 63.33
LGMS 1.33
DEEPS 221.00

DEEPS-M 198.33
LGMS+DEEPS 3.33

LGMS+DEEPS-M 3.00

Subject 21 (MISC 021)
Method Rank

D-RS+CBR [19] 246.67
LGMS 1506.67
DEEPS 1335.00

DEEPS-M 1268.00
LGMS+DEEPS 1511.33

LGMS+DEEPS-M 1489.00

Subject 22 (MISC 022)
Method Rank

D-RS+CBR [19] 286.00
LGMS 213.33
DEEPS 494.67

DEEPS-M 321.67
LGMS+DEEPS 280.67

LGMS+DEEPS-M 204.00

Subject 23 (MISC 023)
Method Rank

D-RS+CBR [19] 329.33
LGMS 265.33
DEEPS 114.67

DEEPS-M 70.67
LGMS+DEEPS 129.67

LGMS+DEEPS-M 108.00

Subject 24 (MISC 024)

Figure B.5: Ranks (averaged over three set splits) at which the correct photo is retrieved given
a query forensic sketch. Images available in the PRIP-HDC database [19].
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Method Rank

D-RS+CBR [19] 112.00
LGMS 712.67
DEEPS 44.00

DEEPS-M 40.33
LGMS+DEEPS 171.00

LGMS+DEEPS-M 160.00

Subject 25 (MISC 026)
Method Rank

D-RS+CBR [19] 34.67
LGMS 1.00
DEEPS 82.33

DEEPS-M 56.67
LGMS+DEEPS 1.33

LGMS+DEEPS-M 1.33

Subject 26 (MI 001)
Method Rank

D-RS+CBR [19] 226.33
LGMS 717.33
DEEPS 423.33

DEEPS-M 412.00
LGMS+DEEPS 514.00

LGMS+DEEPS-M 511.33

Subject 27 (MSP 001)
Method Rank

D-RS+CBR [19] 681.00
LGMS 1265.33
DEEPS 1040.33

DEEPS-M 906.33
LGMS+DEEPS 1237.33

LGMS+DEEPS-M 1155.33

Subject 28 (WEB 001)
Method Rank

D-RS+CBR [19] 942.33
LGMS 789.67
DEEPS 186.67

DEEPS-M 258.67
LGMS+DEEPS 339.33

LGMS+DEEPS-M 417.00

Subject 29 (WEB 002)

Method Rank

D-RS+CBR [19] 172.33
LGMS 639.67
DEEPS 88.00

DEEPS-M 98.33
LGMS+DEEPS 203.67

LGMS+DEEPS-M 223.67

Subject 30 (WEB 003)

Figure B.6: Ranks (averaged over three set splits) at which the correct photo is retrieved given
a query forensic sketch. Images available in the PRIP-HDC database [19].
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Method Rank

D-RS+CBR [19] 1.67
LGMS 1.33
DEEPS 884.33

DEEPS-M 824.33
LGMS+DEEPS 14.00

LGMS+DEEPS-M 12.67

Subject 31 (WEB 004)

Method Rank

D-RS+CBR [19] 1.33
LGMS 4.00
DEEPS 1.33

DEEPS-M 1.00
LGMS+DEEPS 1.00

LGMS+DEEPS-M 1.00

Subject 32 (WEB 005)

Method Rank

D-RS+CBR [19] 4.00
LGMS 2.00
DEEPS 63.33

DEEPS-M 54.33
LGMS+DEEPS 1.67

LGMS+DEEPS-M 1.67

Subject 33 (WEB 006)

Method Rank

D-RS+CBR [19] 55.00
LGMS 22.33
DEEPS 106.67

DEEPS-M 143.00
LGMS+DEEPS 16.67

LGMS+DEEPS-M 15.00

Subject 34 (WEB 007)
Method Rank

D-RS+CBR [19] 19.00
LGMS 5.67
DEEPS 8.67

DEEPS-M 12.00
LGMS+DEEPS 1.00

LGMS+DEEPS-M 1.33

Subject 35 (WEB 008)

Method Rank

D-RS+CBR [19] 1.00
LGMS 1.33
DEEPS 4.67

DEEPS-M 2.33
LGMS+DEEPS 1.00

LGMS+DEEPS-M 1.00

Subject 36 (WEB 009)

Figure B.7: Ranks (averaged over three set splits) at which the correct photo is retrieved given
a query forensic sketch. Images available in the PRIP-HDC database [19].
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Method Rank

D-RS+CBR [19] 97.00
LGMS 498.33
DEEPS 377.33

DEEPS-M 411.67
LGMS+DEEPS 375.67

LGMS+DEEPS-M 409.67

Subject 37 (WEB 010)
Method Rank

D-RS+CBR [19] 60.67
LGMS 202.00
DEEPS 272.67

DEEPS-M 354.67
LGMS+DEEPS 173.33

LGMS+DEEPS-M 213.67

Subject 38 (WEB 011)
Method Rank

D-RS+CBR [19] 41.67
LGMS 48.67
DEEPS 62.67

DEEPS-M 107.33
LGMS+DEEPS 20.00

LGMS+DEEPS-M 28.00

Subject 39 (WEB 012)

Method Rank

D-RS+CBR [19] 1.33
LGMS 1.33
DEEPS 251.00

DEEPS-M 281.00
LGMS+DEEPS 5.00

LGMS+DEEPS-M 5.67

Subject 40 (WEB 013)

Method Rank

D-RS+CBR [19] 568.00
LGMS 40.67
DEEPS 1078.67

DEEPS-M 901.33
LGMS+DEEPS 243.33

LGMS+DEEPS-M 186.67

Subject 41 (WEB 014)
Method Rank

D-RS+CBR [19] 538.33
LGMS 755.33
DEEPS 814.33

DEEPS-M 818.67
LGMS+DEEPS 801.00

LGMS+DEEPS-M 802.00

Subject 42 (WEB 015)

Figure B.8: Ranks (averaged over three set splits) at which the correct photo is retrieved given
a query forensic sketch. Images available in the PRIP-HDC database [19].
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Method Rank

D-RS+CBR [19] 10.33
LGMS 16.00
DEEPS 82.33

DEEPS-M 73.33
LGMS+DEEPS 9.67

LGMS+DEEPS-M 9.00

Subject 43 (WEB 016)
Method Rank

D-RS+CBR [19] 4.00
LGMS 4.67
DEEPS 34.33

DEEPS-M 35.00
LGMS+DEEPS 2.33

LGMS+DEEPS-M 2.00

Subject 44 (WEB 017)
Method Rank

D-RS+CBR [19] 227.00
LGMS 402.67
DEEPS 214.33

DEEPS-M 236.00
LGMS+DEEPS 206.33

LGMS+DEEPS-M 226.00

Subject 45 (WEB 018)
Method Rank

D-RS+CBR [19] 31.67
LGMS 210.67
DEEPS 205.67

DEEPS-M 235.67
LGMS+DEEPS 104.67

LGMS+DEEPS-M 116.67

Subject 46 (WEB 019)

Method Rank

D-RS+CBR [19] 1357.33
LGMS 341.00
DEEPS 509.00

DEEPS-M 411.33
LGMS+DEEPS 348.67

LGMS+DEEPS-M 314.00

Subject 47 (WEB 020)

Figure B.9: Ranks (averaged over three set splits) at which the correct photo is retrieved given
a query forensic sketch. Images available in the PRIP-HDC database [19].
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B.2 Demographic filtering

The use of demographic information of the subject in a probe sketch can improve

retrieval rates since the gallery is effectively being filtered by discarding any sub-

jects having differing characteristics to the subject at interest [26]. The effect of

demographic filtering is thus investigated, using gender and race/ethnicity. The de-

mographic statistics of the databases considered are shown in Tables B.1 and B.2

for the viewed hand-drawn and software-generated sketches, respectively, with la-

bels based on those used in the Color FERET dataset. Filtering is not performed

for the forensic sketches since the demographic data is unavailable.

The performance of the algorithms considered are shown in Tables B.3 to B.5 and

Tables B.6 to B.11 for the viewed hand-drawn and software-generated sketches,

respectively. It is evident that demographic filtering improves performance for all

algorithms, with racial filtering typically being more beneficial than gender filtering.

Using both gender and race to filter the gallery yields the best performance. Per-

formance could potentially be further improved using age range, which was shown

in [26] to be superior to gender and race/ethnicity. However, this information was

not available for all subjects and could not be investigated.

Table B.1: Demographic statistics of the viewed hand-drawn sketches. AA =
African-American, PS=statistics of face photo-sketch databases, EG=statistics of extended

gallery, Combi=statistics of PS and EG combined.

Gender Race

PS EG Combi PS EG Combi

Male 59.15% 70.41% 64.73% White 61.40% 57.79% 59.62%
Female 40.85% 29.59% 35.27% Oriental 22.74% 14.73% 18.78%

Black/AA 5.03% 15.65% 10.28%
Hispanic 4.38% 4.67% 4.52%

Asian 4.06% 6.11% 5.08%
Other 2.38% 1.05% 1.72%

Table B.2: Demographic statistics of the viewed software-generated sketches. AA =
African-American, PS=statistics of face photo-sketch database, EG=statistics of extended

gallery, Combi=statistics of PS and EG combined.

Gender Race

PS EG Combi PS EG Combi

Male 53.00% 70.41% 65.49% White 59.33% 57.79% 58.23%
Female 47.00% 29.59% 34.51% Oriental 18.17% 14.73% 15.70%

Black/AA 8.17% 15.65% 13.53%
Hispanic 7.17% 4.67% 5.37%

Asian 5.50% 6.11% 5.94%
Other 1.67% 1.05% 1.23%
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B.3 Effect of the extended gallery

As shown in Figure B.10, algorithm performance typically decreases with an in-

creasing number of subjects in the extended gallery [6,9]. However, an extended

gallery may not make the identification task more challenging if the characteristics

of the photo images in the photo-sketch databases are significantly different from

the photos used to extend the gallery. In such a case, it would be easy for any

algorithm to assign low similarity scores to the photos which do not have a sketch

counterpart. To determine the effect on algorithm performance of the extended

gallery employed in this research, which was used to evaluate all approaches in

Chapter 6, the performance of the same algorithms is evaluated with the extended

gallery removed. Hence, the gallery is populated using only the photo pairs of the

sketches used for testing.

Comparing Table 6.1 with Table B.12, it is evident that the use of an extended

gallery negatively affects performance for all algorithms when operating on the

viewed hand-drawn photo-sketch pairs. Algorithms employing a training stage tend

to be more greatly affected with the use of an extended gallery, likely as a result of

capturing characteristics which are not present in the photos of the extended gallery.

However, algorithms which do not utilise training process can still be negatively

Figure B.10: Effect of the extended gallery for a commercial FRS and a face photo-sketch
recognition algorithm [9]

157



Appendix B. Additional Results

affected. This is demonstrated by VGG-Face, which is employed by utilising the

default model trained on face photos and exhibits loss of approximately 10-20%

in terms of rank retrieval rates. The proposed LGMS+DEEPS methods appear

relatively robust to the additional photos in the extended gallery, which exhibits

a loss in performance of less than 2% at Rank-1 and even lower decreases across

other ranks.

Similar observations can be obtained from comparing Table 6.2 with Table B.13 and

Table 6.3 with Table B.14, for the case of the viewed software-generated sketches,

although the differences in performance of all algorithms is noticeably higher than

in the case of the hand-drawn sketches. This is likely a result of the relative sizes

of the original and extended galleries: when algorithms operate on the hand-drawn

sketches, the gallery size is increased with approximately 4.8 times as many sub-

jects, from 402 subjects to 1923 subjects; in the case of the software-generated

sketches, the gallery size is increased from 150 subjects to 1671 subjects, represent-

ing an increase of approximately 11.1 times as many subjects. Hence, the relative

increase of the gallery in the case of the software-generated sketches is roughly

twice more than the hand-drawn sketch case, making the identification task harder

since algorithms must search through a relatively higher amount of subjects.

Finally, algorithms also perform noticeably worse with an extended gallery when

operating on forensic sketches as observed when comparing Table 6.5 with Ta-

ble B.15, also due to the relative gallery size difference as described above which

is even more significant due to the low number of forensic sketches (gallery is in-

creased from 47 subjects to 1568 subjects, i.e. 33.4 times as large). Moreover,

certain trends also differ; most significant is the performance of the intra-modality

methods, which perform better than the PCA face recogniser when no extended

gallery is used whereas they perform worse with the extended gallery. This high-

lights the importance of using an evaluation set-up reflecting real-world conditions,

i.e. the use of challenging sketches and an extended gallery.
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Appendix B. Additional Results

Table B.15: Average values over all ranks of the 47 subjects in the PRIP-HDC [19] forensic
sketch database, for the algorithms considered after averaging over 3 set splits, without the

extended gallery.

# Algorithm Average rank

1 VGG-Face [93] 14.38
2 PCA [37] 21.66

3 ET (+PCA) [17] 19.34
4 LLE (+PCA) [34] 17.46

5 HAOG [10] 18.57
6 CBR [6] 19.57
7 D-RS [12,69] 16.52
8 CBR + D-RS [12] 16.19

9 EP (+PCA) 17.59
10 ET + EP + HAOG 16.96
11 LGMS 14.86
12 LGMS + EP 13.16
13 DEEPS 13.52
14 DEEPS + EP 13.38
15 DEEPS + LGMS 11.79
16 DEEPS-M 13.45
17 DEEPS-M + LGMS 11.91
18 DEEPS + LGMS + EP 11.48
19 DEEPS-M + LGMS + EP 11.56

162



Appendix B. Additional Results

B.4 Statistical Significance

The multi-comparison Analysis of Variance (ANOVA) results will now be pre-

sented, where -1/0/1 indicate that the algorithm in the row is statistically infe-

rior/identical/superior to the algorithm in the column, respectively, at the 95%

confidence level.

Since an algorithm in a row is deemed to be inferior with a value of -1, while it

is superior with a value of 1 and statistically identical with a value of 0, then the

computation of a simple summation of each row yields a compact representation

of the statistical performance of each algorithm; a high value is desirable since it

indicates a high number of ‘1’s’ as a result of an algorithm being statistically supe-

rior to a high number of other methods. These values are also shown in the results

hereunder and are normalised by dividing the addition result with the maximal

value that can be achieved by each algorithm (i.e. number of algorithms−1 = 15)

such that the values lie within [-1, 1], where -1 indicates that the algorithm is in-

ferior to all the other algorithms and 1 indicates that the algorithm is superior to

all the other algorithms. These values are denoted by Normalised Sum (NS); more

formally, the NS score of a method i is given by:

NSi =

∑M
m=1 Sm
M − 1

(B.1)

where M = 16 is number of algorithms compared, and Sm ∈ {−1, 0, 1} is the

statistical significance result as determined by the multi-comparison ANOVA for

algorithm m.

It should be noted that multiple comparison analysis tests are known to generally

be conservative, such that Type I errors are reduced at the expense of higher Type

II errors. A Type I error occurs when an algorithm A is deemed to be superior to

another algorithm B, but algorithm B is actually better than A [171,172]. Future

work can thus include the analysis of other multiple-comparison testing methods to

determine better ways to evaluate the statistical significance of evaluation metrics

used for face photo-sketch recognition.

From Tables B.16 to B.22 in the case of the viewed hand-drawn sketches, it can be

observed that the intra-modality methods are generally statistically superior to the
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face recognisers and the proposed EP is also statistically superior to ET across all

performance measures. Moreover, LGMS and DEEPS are statistically superior to

all algorithms proposed in literature, except D-RS+CBR in some cases. However,

this is likely a result of the conservative nature of ANOVA given the clear advantage

of both methods over D-RS+CBR. ANOVA also does not take into consideration

that all algorithms were applied on the same training and tests sets, and thus the

standard deviation values serve primarily as a measure of the consistency of algo-

rithms rather than as a means of performance generalisation. These observations

are particularly evident at higher ranks, where values approach 100% retrieval rate

and are thus quite tightly clustered, such that multi-comparison ANOVA indicates

that most algorithms are statistically identical. The proposed LGMS+DEEPS sys-

tem (algorithm 15) and LGMS+DEEPS+EP system (algorithm 16) overall obtain

the best performance of all algorithms considered.

Similar conclusions can be derived in the case of the software-generated sketches,

with results shown in Tables B.23 to B.29 for the Set A sketches and in Tables B.30

to B.36 for the Set B sketches. However, the proposed LGMS+DEEPS system

demonstrates a clearer advantage with respect to other methods on this type of

sketches.

Table B.16: Multi-comparison ANOVA for Rank-1 retrieval rates when using viewed
hand-drawn sketches. Corresponding algorithm names shown in Table 6.1.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 0 1 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

4 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

5 1 1 1 1 0 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.1333

6 0 1 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

7 1 1 1 1 1 1 0 0 1 1 -1 -1 0 -1 -1 -1 0.2000

8 1 1 1 1 1 1 0 0 1 1 0 -1 0 0 -1 -1 0.3333

9 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 0 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.1333

11 1 1 1 1 1 1 1 0 1 1 0 0 0 0 -1 -1 0.4667

12 1 1 1 1 1 1 1 1 1 1 0 0 1 0 -1 -1 0.6000

13 1 1 1 1 1 1 0 0 1 1 0 -1 0 -1 -1 -1 0.2667

14 1 1 1 1 1 1 1 0 1 1 0 0 1 0 -1 -1 0.5333

15 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0.9333

16 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0.9333
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Table B.17: Multi-comparison ANOVA for Rank-10 retrieval rates when using viewed
hand-drawn sketches. Corresponding algorithm names shown in Table 6.1.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 1 1 0 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6000

4 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

5 1 1 1 1 0 1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -0.2000

6 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 1 -1 -1 -1 -1 -1 -1 0.1333

8 1 1 1 1 1 1 0 0 1 1 0 -1 0 -1 -1 -1 0.2667

9 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 1 0 1 1 0 0 0 0 -1 -1 0.4667

12 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0.6667

13 1 1 1 1 1 1 1 0 1 1 0 0 0 0 -1 -1 0.4667

14 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0.6667

15 1 1 1 1 1 1 1 1 1 1 1 0 1 0 0 0 0.8000

16 1 1 1 1 1 1 1 1 1 1 1 0 1 0 0 0 0.8000

Table B.18: Multi-comparison ANOVA for Rank-50 retrieval rates when using viewed
hand-drawn sketches. Corresponding algorithm names shown in Table 6.1.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 1 1 0 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6000

4 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

5 1 1 1 1 0 1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -0.2000

6 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 1 -1 -1 -1 -1 -1 -1 0.1333

8 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

9 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

12 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0.6667

13 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0.6667

14 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0.6667

15 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0.6667

16 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0.6667
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Table B.19: Multi-comparison ANOVA for Rank-100 retrieval rates when using viewed
hand-drawn sketches. Corresponding algorithm names shown in Table 6.1.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 1 1 0 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6000

4 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

5 1 1 1 1 0 1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -0.2000

6 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 1 0 0 0 -1 -1 -1 0.3333

8 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

9 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

12 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

13 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

14 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

15 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

16 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

Table B.20: Multi-comparison ANOVA for Rank-150 retrieval rates when using viewed
hand-drawn sketches. Corresponding algorithm names shown in Table 6.1.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 -1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 1 1 0 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6000

4 1 1 1 0 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.3333

5 1 1 1 0 0 1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -0.2667

6 -1 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8667

7 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

8 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

9 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

12 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

13 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

14 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

15 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

16 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333
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Table B.21: Multi-comparison ANOVA for TAR@FAR=0.1% values when using viewed
hand-drawn sketches. Corresponding algorithm names shown in Table 6.1.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 0 1 0 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6667

4 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

5 1 1 1 1 0 1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -0.2000

6 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 -1 1 1 -1 -1 -1 -1 -1 -1 0.0667

8 1 1 1 1 1 1 1 0 1 1 0 -1 0 -1 -1 -1 0.3333

9 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 1 0 1 1 0 0 0 0 -1 -1 0.4667

12 1 1 1 1 1 1 1 1 1 1 0 0 1 0 0 0 0.7333

13 1 1 1 1 1 1 1 0 1 1 0 -1 0 -1 -1 -1 0.3333

14 1 1 1 1 1 1 1 1 1 1 0 0 1 0 0 0 0.7333

15 1 1 1 1 1 1 1 1 1 1 1 0 1 0 0 0 0.8000

16 1 1 1 1 1 1 1 1 1 1 1 0 1 0 0 0 0.8000

Table B.22: Multi-comparison ANOVA for TAR@FAR=1.0% values when using viewed
hand-drawn sketches. Corresponding algorithm names shown in Table 6.1.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 1 1 0 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6000

4 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

5 1 1 1 1 0 1 -1 -1 1 -1 -1 -1 -1 -1 -1 -1 -0.2000

6 0 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 1 -1 -1 -1 -1 -1 -1 0.1333

8 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

9 1 1 1 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

12 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

13 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

14 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

15 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000

16 1 1 1 1 1 1 1 0 1 1 0 0 0 0 0 0 0.6000
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Table B.23: Multi-comparison ANOVA for Rank-1 retrieval rates when using UoM-SGFS Set
A software-generated sketches. Corresponding algorithm names shown in Table 6.2.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 0 0 0 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.5333

2 -1 0 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

3 0 0 0 0 0 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.6000

4 0 0 0 0 -1 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.6667

5 0 1 0 1 0 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.3333

6 0 0 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

7 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

8 1 1 1 1 1 1 0 0 1 1 0 0 0 -1 -1 -1 0.3333

9 0 1 0 0 0 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 0 1 -1 -1 0 0 0 -1 -1 -1 -1 -1 -0.1333

11 1 1 1 1 1 1 0 0 1 0 0 -1 -1 -1 -1 -1 0.1333

12 1 1 1 1 1 1 1 0 1 1 1 0 0 -1 -1 -1 0.4667

13 1 1 1 1 1 1 1 0 1 1 1 0 0 -1 -1 -1 0.4667

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 0.8000

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 0.8000

16 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1.0000

Table B.24: Multi-comparison ANOVA for Rank-10 retrieval rates when using UoM-SGFS Set
A software-generated sketches. Corresponding algorithm names shown in Table 6.2.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 0 0 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4667

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 0 1 0 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.5333

4 0 1 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6667

5 0 1 1 1 0 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2667

6 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 0 0 -1 -1 -1 -1 -1 0.1333

8 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

9 0 1 0 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 0 1 0 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

12 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

13 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

16 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667
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Table B.25: Multi-comparison ANOVA for Rank-50 retrieval rates when using UoM-SGFS Set
A software-generated sketches. Corresponding algorithm names shown in Table 6.2.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 0 1 1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.3333

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 0 1 0 1 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.4667

4 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

5 -1 1 0 1 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.5333

6 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 0 0 -1 -1 -1 -1 -1 0.1333

8 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

9 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

10 1 1 1 1 1 1 0 -1 0 0 0 -1 -1 -1 -1 -1 0.0000

11 1 1 1 1 1 1 0 0 1 0 0 -1 -1 -1 -1 -1 0.1333

12 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

13 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

16 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

Table B.26: Multi-comparison ANOVA for Rank-100 retrieval rates when using UoM-SGFS
Set A software-generated sketches. Corresponding algorithm names shown in Table 6.2.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 1 1 1 1 0 -1 0 0 -1 -1 -1 -1 -1 -1 -0.1333

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 -1 1 0 1 1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.4667

4 -1 1 -1 0 0 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

5 -1 1 -1 0 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6667

6 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 0 1 1 1 1 1 0 -1 0 0 0 -1 -1 -1 -1 -1 -0.0667

8 1 1 1 1 1 1 1 0 1 1 0 0 -1 -1 -1 -1 0.3333

9 0 1 1 1 1 1 0 -1 0 0 -1 -1 -1 -1 -1 -1 -0.1333

10 0 1 1 1 1 1 0 -1 0 0 0 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 0 0 1 0 0 -1 -1 -1 -1 -1 0.1333

12 1 1 1 1 1 1 1 0 1 1 1 0 0 -1 -1 -1 0.4667

13 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0.7333

14 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0.8000

15 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0.8000

16 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0.8000
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Table B.27: Multi-comparison ANOVA for Rank-150 retrieval rates when using UoM-SGFS
Set A software-generated sketches. Corresponding algorithm names shown in Table 6.2.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 1 1 1 1 0 -1 0 0 0 -1 -1 -1 -1 -1 -0.0667

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 -1 1 0 1 1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

4 -1 1 -1 0 0 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

5 -1 1 -1 0 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6667

6 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 0 1 1 1 1 1 0 -1 0 0 0 -1 -1 -1 -1 -1 -0.0667

8 1 1 1 1 1 1 1 0 1 1 1 0 -1 -1 -1 -1 0.4000

9 0 1 0 1 1 1 0 -1 0 0 0 -1 -1 -1 -1 -1 -0.1333

10 0 1 1 1 1 1 0 -1 0 0 0 -1 -1 -1 -1 -1 -0.0667

11 0 1 1 1 1 1 0 -1 0 0 0 -1 -1 -1 -1 -1 -0.0667

12 1 1 1 1 1 1 1 0 1 1 1 0 0 -1 -1 -1 0.4667

13 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0.7333

14 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0.8000

15 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0.8000

16 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0.8000

Table B.28: Multi-comparison ANOVA for TAR@FAR=0.1% values when using UoM-SGFS
Set A software-generated sketches. Corresponding algorithm names shown in Table 6.2.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 0 0 0 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.5333

2 -1 0 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8667

3 0 1 0 0 0 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.5333

4 0 0 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

5 0 1 0 1 0 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.3333

6 0 0 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

7 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

8 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

9 0 1 0 1 0 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.3333

10 1 1 1 1 0 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

11 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

12 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

13 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 0.8000

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 0.8000

16 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 1.0000
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Table B.29: Multi-comparison ANOVA for TAR@FAR=1.0% values when using UoM-SGFS
Set A software-generated sketches. Corresponding algorithm names shown in Table 6.2.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 0 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 0 1 0 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

4 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

5 0 1 0 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

6 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 -1 1 0 0 -1 -1 -1 -1 -1 0.0667

8 1 1 1 1 1 1 1 0 1 1 1 -1 -1 -1 -1 -1 0.3333

9 0 1 0 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4000

10 1 1 1 1 1 1 0 -1 1 0 -1 -1 -1 -1 -1 -1 0.0000

11 1 1 1 1 1 1 0 -1 1 1 0 -1 -1 -1 -1 -1 0.1333

12 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

13 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

16 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

Table B.30: Multi-comparison ANOVA for Rank-1 retrieval rates when using UoM-SGFS Set
B software-generated sketches. Corresponding algorithm names shown in Table 6.3.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 0 0 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.4667

2 -1 0 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8667

3 0 1 0 0 -1 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.6000

4 0 0 0 0 -1 0 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.6667

5 0 1 1 1 0 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.2000

6 -1 0 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

8 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

9 0 1 0 0 -1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.5333

10 1 1 1 1 0 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.1333

11 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

12 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

13 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 0.8000

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

16 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0.9333

171



Appendix B. Additional Results

Table B.31: Multi-comparison ANOVA for Rank-10 retrieval rates when using UoM-SGFS Set
B software-generated sketches. Corresponding algorithm names shown in Table 6.3.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 1 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.3333

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 -1 1 0 1 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.5333

4 -1 1 -1 0 -1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

5 0 1 0 1 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.4667

6 -1 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8667

7 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

8 1 1 1 1 1 1 0 0 1 1 0 -1 0 -1 -1 -1 0.2667

9 0 1 1 1 1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.2667

10 1 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

12 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

13 1 1 1 1 1 1 1 0 1 1 1 0 0 -1 -1 -1 0.4667

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

16 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

Table B.32: Multi-comparison ANOVA for Rank-50 retrieval rates when using UoM-SGFS Set
B software-generated sketches. Corresponding algorithm names shown in Table 6.3.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 -1 1 0 1 1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.4667

4 -1 1 -1 0 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6667

5 -1 1 -1 0 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6667

6 -1 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8667

7 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

8 1 1 1 1 1 1 0 0 1 1 0 0 0 -1 -1 -1 0.3333

9 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

10 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

11 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

12 1 1 1 1 1 1 1 0 1 1 1 0 0 0 0 -1 0.6000

13 1 1 1 1 1 1 1 0 1 1 1 0 0 0 -1 -1 0.5333

14 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0.7333

15 1 1 1 1 1 1 1 1 1 1 1 0 1 0 0 0 0.8000

16 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667
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Table B.33: Multi-comparison ANOVA for Rank-100 retrieval rates when using UoM-SGFS
Set B software-generated sketches. Corresponding algorithm names shown in Table 6.3.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 -1 1 0 1 1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.4667

4 -1 1 -1 0 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6667

5 -1 1 -1 0 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6667

6 -1 1 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8667

7 1 1 1 1 1 1 0 0 1 1 0 0 0 -1 -1 -1 0.3333

8 1 1 1 1 1 1 0 0 1 1 1 0 0 0 0 0 0.6000

9 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

10 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

11 1 1 1 1 1 1 0 -1 1 1 0 -1 -1 -1 -1 -1 0.1333

12 1 1 1 1 1 1 0 0 1 1 1 0 0 0 0 0 0.6000

13 1 1 1 1 1 1 0 0 1 1 1 0 0 0 0 0 0.6000

14 1 1 1 1 1 1 1 0 1 1 1 0 0 0 0 0 0.6667

15 1 1 1 1 1 1 1 0 1 1 1 0 0 0 0 0 0.6667

16 1 1 1 1 1 1 1 0 1 1 1 0 0 0 0 0 0.6667

Table B.34: Multi-comparison ANOVA for Rank-150 retrieval rates when using UoM-SGFS
Set B software-generated sketches. Corresponding algorithm names shown in Table 6.3.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 -1 1 0 1 1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.4667

4 -1 1 -1 0 1 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.6000

5 -1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

6 -1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

8 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

9 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

10 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

11 1 1 1 1 1 1 0 0 1 1 0 0 0 -1 -1 -1 0.3333

12 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

13 1 1 1 1 1 1 0 0 1 1 0 0 0 0 0 0 0.5333

14 1 1 1 1 1 1 0 0 1 1 1 0 0 0 0 0 0.6000

15 1 1 1 1 1 1 0 0 1 1 1 0 0 0 0 0 0.6000

16 1 1 1 1 1 1 0 0 1 1 1 0 0 0 0 0 0.6000
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Table B.35: Multi-comparison ANOVA for TAR@FAR=0.1% values when using UoM-SGFS
Set B software-generated sketches. Corresponding algorithm names shown in Table 6.3.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 1 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.3333

2 -1 0 -1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.9333

3 -1 1 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

4 -1 1 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.7333

5 0 1 1 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.3333

6 -1 0 0 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

8 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

9 0 1 1 1 0 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.3333

10 1 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.0667

11 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

12 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

13 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 -1 -1 0.5333

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 -1 0.8000

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

16 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0.9333

Table B.36: Multi-comparison ANOVA for TAR@FAR=1.0% values when using UoM-SGFS
Set B software-generated sketches. Corresponding algorithm names shown in Table 6.3.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 NS

1 0 1 1 1 1 1 -1 -1 0 0 -1 -1 -1 -1 -1 -1 -0.2000

2 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1.0000

3 -1 1 0 1 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.5333

4 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

5 -1 1 0 1 0 1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.5333

6 -1 1 -1 0 -1 0 -1 -1 -1 -1 -1 -1 -1 -1 -1 -1 -0.8000

7 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

8 1 1 1 1 1 1 0 0 1 1 0 0 0 -1 -1 -1 0.3333

9 0 1 1 1 1 1 -1 -1 0 -1 -1 -1 -1 -1 -1 -1 -0.2667

10 0 1 1 1 1 1 -1 -1 1 0 -1 -1 -1 -1 -1 -1 -0.1333

11 1 1 1 1 1 1 0 0 1 1 0 -1 -1 -1 -1 -1 0.2000

12 1 1 1 1 1 1 1 0 1 1 1 0 0 -1 -1 -1 0.4667

13 1 1 1 1 1 1 1 0 1 1 1 0 0 -1 -1 -1 0.4667

14 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

15 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667

16 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0.8667
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