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Because of the large texture and spatial structure discrepancies between face sketches and photos, face
sketch recognition becomes a challenging problem in face recognition community. For example, in law
enforcement and security, the specific face sketch generation process could introduce some inevitable
biases which results in poor face sketch recognition performance. In order to mimic the modality gap
introduced by the biases during face sketch creation process, the novel iterative local re-ranking with
attribute guided synthesis method is proposed for face sketch recognition, which does not require any
extra manually annotation or human interaction. The clues of face attributes are utilized to generate im-
ages with varying local characteristic from probe sketches, which could help eliminate the unavoidable
biases. Considering the special property of face sketches, the iterative local re-ranking algorithm is de-
signed to encode the contextual information integrated with local invariant discriminative information
for matching sketches with photos. Experimental results on multiple face sketch databases demonstrate
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that the proposed method achieves superior performances compared with state-of-the-art methods.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

Face recognition is a challenging and important application in
computer vision. Recently great progress has been achieved, how-
ever there still exist many challenging scenarios in the real world.
Especially in the law enforcement agency, there exist many scenes
where the mug shot of the suspect is not available or only poor-
quality images are captured in video surveillance. Due to the lack
of suspects’ photographs, law enforcement agencies have started
to generate face sketches according to the description provided by
eyewitness or blurry surveillance videos. With technological im-
provement, more forensic artists have begun to utilize the gener-
ation software to produce composite sketches as the placement of
hand-drawn sketches. However, it is due to the complex and spe-
cial generation process of face sketches, there always exist shape
exaggerations and distortions in face sketches. More importantly,
in law enforcement face sketches are utilized to determine the
identity of criminals where only the description of eyewitnesses
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is available. Forensic psychology related works [1] prove that face
sketch recognition is affected by forgotten memory of eyewit-
ness and imperfect communication. In summary, the sketch-photo
modality difference, the inaccurate memory of eyewitnesses and
the biased communication of memory all bring about unavoid-
able biases in the generated face sketches. Thus, face sketch recog-
nition remains a difficult and challenging task in the real-world
scenario.

Existing face sketch recognition methods mostly focus on three
aspects: 1) extracting modality invariant features [2-4], which con-
tain the identity discriminative information; 2) projecting different
modality face images into a latent common space [5-8], where face
sketches and gallery photos could be matched directly; 3) trans-
forming images in one modality to another modality [9-12], which
would make these images in homogeneous scenarios, and then
the traditional homogeneous face recognition methods could be
directly utilized. However, face sketches in real-world scenes dif-
fer from gallery photos because of the avoidable perceptual bias,
descriptive bias and generating bias [13]. These inevitable biases
caused in the generation procedures could enlarge the gap of dif-
ferent modalities. Only transforming sketches and photos in homo-
geneous scenarios is not enough to eliminate these biases when
matching face sketches. To mimic the modality gap mentioned be-
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fore, a new framework called iterative local re-ranking method is
proposed.

In real-world scenario, given a face sketch of the suspect, the
police want to search the according photo belongs to the same
person in a large mug shot gallery. When considering face sketch
recognition as a retrieval process, re-ranking is an import and crit-
ical procedure to effectively improve performance. Generally, the
initial ranking list is calculated with the pairwise similarities be-
tween the query sketch and the gallery photos, and then the re-
ranking procedure is used to refine the initial ranking list by tak-
ing account of the neighborhood relations among all images [14].
Yet in face sketch recognition community, limited researches have
been devoted to re-ranking. It is because that there generally only
exist sketch-photo pairs, with lack of forensic artists and the diffi-
culty of sketches generation. It inspires us to generate more neigh-
bors of face sketches as the base of re-ranking method.

This paper proposes a novel iterative local re-ranking with at-
tribute guided synthesis method for face sketch recognition, which
could effectively eliminate inevitable biases in the generation pro-
cess, and simultaneously not require any human interaction or
manually annotated data. The proposed method consists three
steps. Firstly, the attribute guided face sketch synthesis method
generates the synthesized face photos with clues of attributes.
These synthesized photos with varying local characteristic could
help eliminate the unavoidable biases introduced by generation
process. Then, cross modality invariant features of both synthe-
sized photos and gallery photos are extracted to obtain initial dis-
tance matrix. Finally, an iterative local re-ranking algorithm is pro-
posed to integrate the face local discriminative information to fur-
ther boost the recognition performance. The main reasons of su-
perior performance are that synthesized face photos with vary-
ing local characteristic could eliminate the unavoidable biases in
the sketches generation process, and the local iterative re-ranking
method would integrate the local discriminative information of
face components. The framework of the proposed algorithm is il-
lustrated in Fig. 1.

The main contributions of this paper are summarized as fol-
lows:

1. The attribute guided face sketch synthesis method is utilized to
generate images with varying local characteristic, which could
eliminate the face perception biases in the face sketch genera-
tion process.

2. To the best of our knowledge, it is the first exploration to intro-
duce re-ranking technique for face sketch recognition. The pro-

posed iterative local re-ranking method is designed to integrate
the inherent local invariant information of face sketches. More
importantly, the proposed post-process procedure does not re-
quire any human interaction and could be applied in an unsu-
pervised manner.

3. The proposed re-ranking method is proved to be effective on
multiple face sketch databases, and achieves superior perfor-
mance compared with the state-of-the-art methods.

The rest of this paper is organized as follows. Section 2 gives
a review of face sketch recognition methods and related works.
Section 3 presents a novel iterative local re-ranking with at-
tribute guided synthesis method for face sketch recognition.
Section 4 shows the experimental results and parameters analysis,
and the conclusion is drawn in Section 5.

2. Related work

In this section, the representative face sketch recognition meth-
ods are reviewed in mentioned three categories: feature descriptor-
based methods, common space-based methods and synthesis-
based methods.

Feature descriptor-based methods: [15] firstly utilized a differ-
ence of Gaussian filter for matching heterogeneous images. [2] ex-
plored the multiple hand-crafted features and proposed a local
feature based discriminant analysis. Prototype random subspace
(P-RS) [16] was proposed to utilize nonlinear kernel similarities
for matching. [3] presented a transfer learning based representa-
tion method for face sketch recognition. [17] presented a com-
mon encoding model to capture common discriminant informa-
tion. [4] proposed an unsupervised feature learning method which
learns features from raw pixels. [18] utilized the character of
face sketch and fused complementary discriminant information
for face sketch recognition. However, this kind of methods would
be utilized with high computational complexity; Common space-
based methods: [5] firstly proposed a common discriminant fea-
ture extraction (CDFE) approach. [19] presented a coupled spec-
tral regression based method for matching. A multi-view discrim-
inant analysis (MvDA) method [6] was proposed to exploit both
inter-view and intra-view correlations of heterogeneous face im-
ages. [7] proposed a margin based cross-modality metric learn-
ing to address the gap of different modalities. [20] explored the
deep attribute guided representation for face sketch recognition,
which effectively integrates face attribute discriminant informa-
tion. Yet the projection procedure may losses some discriminative
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Fig. 1. Framework of the proposed iterative local re-ranking with attribute guided synthesis for face sketch recognition.
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information. Synthesis-based methods: [9] presented an Eigen-
transform algorithm for sketch-photo synthesis. [10] employed lo-
cal linear embedding (LLE) to synthesize face sketches. Considering
the relationship between face image patches and its neighboring
patches, [11] exploited the Markov random field (MRF) for syn-
thesis. [21] proposed a Markov weight field model to select can-
didates to construct the MRF Instead of directly matching synthe-
sized sketches. [22] employed embedded hidden Markov model to
represent the non-linear relationship. [23] presented a transduc-
tive face sketch-photo synthesis method. [24]| proposed a multi-
ple representations based approach to enhance the generalizabil-
ity in forensic science. Instead of directly matching synthesized
sketches, [12] proposed a novel graphical representation where
Markov network are employed to represent image patches sepa-
rately. [25] incorporated the synthesized images with asymmet-
ric joint learning for face sketch recognition. Recently, generative
adversarial networks (GAN) attracts growing attentions in image
generation task. A conditional GAN [26] is proposed to perform
image to image task|[27]. exploited an unpaired image to image
translation framework[28]. utilized multi-adversarial networks to
generate high resolution face images[29]. exploited a composition-
aided generative adversarial network for sketch-photo synthesis.
These methods yield fine sketch-realistic textures generated by
GAN model, but mostly introduce noise among the generated re-
sults. Apparently the quality of synthesized sketches could influ-
ence the matching performance and the image synthesis process
is a complex problem itself. Most synthesis methods focus on the
modality difference between sketches and photos, ignoring the un-
avoidable shape exaggerations and distortions introduced from the
generation process. Besides, many researches utilized the inher-
ent properties of face sketches to improve sketch matching perfor-
mance. The memory-aware framework [13] is proposed for forensic
sketch recognition, which takes the domain gap between forensic
sketches and photos into consideration. Motivated by the sketch
generation process, [18,30] proposed the component based repre-
sentation algorithm for matching face sketches.

The re-ranking methods have been applied widely in object
retrieval application. And these methods [31] mostly utilize the
neighborhood relationship to refine the initial ranking list to boost
performance. In particular, [32] proposed the sparse contextual ac-
tivation algorithm (SCA) which encodes the local distribution of
images and measures the dissimilarity in Jaccard distance. [33] in-
troduced a k-reciprocal feature (k-RF) by encoding the k-reciprocal
nearest neighbors. [34] introduced the regularized ensemble diffu-
sion and learned the weights of similarities automatically for re-
trieval, which could effectively suppress the negative impacts of
noisy similarities[35]. proposed the supervised smooth manifold as
a generic tool, which can easily boost performances of person re-
identification algorithms|[36]. summarized fusion methods and pro-
posed the unified ensemble diffusion algorithm, which has a faster
diffusion step and is more robust to noise. However, due to the
pairwise samples in sketch database lacking of contextual neigh-
bors, limited effort has been devoted to re-ranking in face sketch
recognition community. Considering these inevitable biases may re-
sult in shape exaggerations and distortions, the synthesized face pho-
tos with varying local characteristic would help eliminate these biases,
which is the basic motivation of our proposed method.

3. Proposed algorithm
3.1. Problem definition

In the real-world scenario, face sketches are always generated
from forensic artists according to the description of eyewitnesses,

and the probe sketch is utilized to match mugshot photos in a
large gallery. Consider the probe sketch s and the gallery photos

set P with N images P = {p;li=1,2,...,N}. Let f(s) and f(p;) de-
notes the extracted cross modality invariant features of the probe
sketch s and the gallery photos p; respectively. More details about
feature extraction are described in Section 4.1.3. Following the ini-
tial distance d(s, p;) between the probe sketch s and the gallery
photo p; can be measured by Euclidean distance. The smaller dis-
tance value is, the smaller dissimilarity of these images is.

Here for each probe sketch s, the initial ranking list L(s, P) =
{p1.p02..... pn} could be obtained by the d(s, p;), where d(s, p;) <
d(s, piy1)- Obviously our goal is to refine the initial ranking list L(s,
P) to make the gallery photo with the same identity rank higher
in the list, which results in improving the face sketch recognition
performance.

3.2. Attribute guided face sketch synthesis

Different from other modalities face images (e.g. near infrared
images and thermal infrared images), face sketches are always uti-
lized in law enforcement when no visual images are available.
Forensic artists would generate face sketches by hands or with spe-
cific generation softwares just according to the description of eye-
witnesses. The forgotten memory of eyewitnesses and inaccurate
description of memory could introduce inevitable biases in the face
sketches. It could be found that most forensic artists always exag-
gerate the local characteristic of sketches to make them easier to
recognize. It inspires us to generate images with varying local char-
acteristic to eliminate these unavoidable biases mentioned.

In this section, the details of attribute guided face sketch syn-
thesis method are proposed. It consists two stages. In the first
stage, the unpaired sketch-photo synthesis architecture is adopted
from [27]to mimic the large sketch-photo modality gap. It is be-
cause that there always lacks of enough paired sketch-photo im-
ages in real-world scenario. Given the probe sketch s, the sketch-
photo generator mapping Ggo (s) :s— p° and the photo-sketch

generator mapping G2(p°) : p® — s. Dgo would be trained to dis-

tinguish between “real” photo p® and the generated “fake” photo
Ggo (s), and DY distinguish between “real” sketch s and the gener-

ated “fake” sketch G2(p°). For convenience, the adversarial loss is
defined as,

Loan (G, D) = Eypypaq, [108D (V)]
+Ex~paacn [108(1 = D(G(x)))]. (1)
The full object function is:
L(GY, G2, D%, DY) = Lean (G, DY) + Lean (G2, D) + AcLeye (G, GY),
(2)
where

Leye(G%, G?) = Epo

o diam(po)[ ||p0 - Ggo (G? (pO)) “l]

+Essgaao [ = GG (D) |-

Here A. controls the importance of objectives and the whole
model is trained as:

Go, G = argclg?(r;? [‘,’%aé% L(GY. G, D%, DY). (3)
p :

In the second stage, in order to eliminate the biases introduced
by the forgotten memory and inaccurate communication, the at-
tribute guided sketch synthesis framework is proposed from [37].
This architecture model could effectively learn the mapping among
different attribute domains with a single generator. However, only
single attribute of synthesized photos is revised to avoid change
of face sketch’s identity. Here the generator G¢ is trained to gen-
erate the synthesized photo p% with different attribute labels g,
GpO, a): p® — p?. CelebA database [38] is utilized to train the
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generator GY. Here five local discriminative attributes are chosen,
where a € {Black Hair, Blond Hair, Brown Hair, Big Nose, Chubby}.
D% : pO — {Dsrc(p°), Dy (%, @)}, Dsrc(p®) produces probability dis-
tributions over sources, and Dm(po, a) predicts the presence of the
desired attribute. Finally, the objective function for discriminator
D% is defined as

LD“ = _LGAN(Gaa Dsrc) + )\attEpO,a’[_IOgDa[[ (a/lpo)]’ (4)
and objective function for generator G is defined as
Lge = Lean (G, Dsre)

+)\-a[tEp0,a[710gDatt (a|Ga (Poy a))]

+heonEp aal||P° = GG (p°, @), )|, ], (5)
where @’ means original attribute label of sketch s (Agt =1, Acon =
10 by default). Agy and Aqpn control the importance of attribute
classification and reconstruction losses respectively.

Finally, when the probe sketch s is acquired, the trained gener-

ator Ggo (s) and G%pY, a) could synthesize photos p? with varying
local characteristic for matching to boost performance.

3.3. Iterative local re-ranking

3.3.1. Local constraint nearest neighbors
Motivated by [32], the neighborhood set of the probe sketch s
is defined as N(s, k), which contains the top-k candidates in L(s, P):

N(Svk):{plspz""’pk}' (6)

Considering the property of face sketch generation process, the
proposed method aims to integrate the local invariant discrimi-
native information from face components to address the modality
gap between face sketches and photos. Following [18], the holis-
tic face image is divided into five components: hair, brows, eyes,
nose and mouth. And then the pre-trained network [39] provides
a common representation for face sketches and face photos which
could diminish intraperson variations. The face components neigh-
borhood set of the probe sketches is denoted as N°(s, k), ¢ € {Hair,
Brows, Eye, Nose, Mouth}. For ranking the gallery photo p with sim-
ilar components features higher, the local constrain nearest neigh-
bors are defined as C¢(s, k),

Gi(s. k) = {pil(pi € N(s, k) A (p; € N°(s,k)))}
= N(s, k) N N(s, k). (7)

Compared with the nearest neighborhood set N(s, k), the inter-
section local constrain nearest neighbors Ci (s, k) are more likely
to be positive samples. However, when the gallery photo p; ranks
high in the Ci(s, k), p; should rank high in both ranking list N(s,
k) and N¢(s, k). Thus, some positive photos may be excluded from
the intersection local constrain nearest neighbors Cp (s, k). Natu-
rally, the union local constrain nearest neighbors Cf (s, k) is defined
with looser constrain,

G (s, k) = {pil(pi € N(s, k) v (p; € N°(s, k)))}
= N(s, k) UN(s, k). (8)

Following some negative gallery photos may be included in the
union local constrain nearest neighbors Cj (s, k), which would dis-
turb the matching performance. In the proposed algorithm, these
two neighbors would be integrated simultaneously, and more con-
trasting positive samples are introduced in the proposed nearest
neighbor set compared with the original nearest neighbor set.

3.3.2. Local constraint encoding

Intuitively, the assumption is shown that when the probe
sketch and photo are similar, the neighbors of them are also sim-
ilar. In other words, the more similar the sketch and photo are,

the more overlap neighbors they contain. Here the Jaccard dis-
tance is adopted to represent the dissimilarity of probe sketches
and gallery photos:

|Cc(s, k) NC(p, k)|

|Ce(s. k) UC(p. k)|’ 9)

d](57 p) =1-

Where | - | means the number of neighbors in the set. C¢(s, k)
means the local constraints nearest neighbor set mentioned be-
fore. Although Jaccard distance could be utilized to represent the
dissimilarity between sketches and photos with the relationship of
their neighbor sets, there exists some shortcomings [33]. Inspired
from [32], the local constraint nearest neighbor set of the probe
sketch s is encoded into a N dim feature Fs = [F p,. K p,..... Fpyl-
Additionally, in order to make full advantage of contextual infor-
mation, the neighbors are assigned with different weights when
they occupy different positions. Here the similar neighbors are set
with larger weights. However, only taking the contextual informa-
tion of probe sketches into account is not enough to acquire dis-
criminative information, for the large gap between sketches and
photos. Hence, the inherent properties of face sketches are derived
to encode more discriminative features. Motivated by [30], the lo-
cal constraint encoding is designed to integrate more local invari-
ant discriminative information, which is consistent with the pro-
cess of face sketch generation. For convenience, the Gaussian ker-
nel is applied to measure pairwise dissimilarity, which is proved to
be effective in visual retrieval task [32,33].

exp(_d(s? pi))? bi € Cc(s’ k)

Fp = { 0, otherwise. (10)
Here d(s, p;) represents the dissimilarity of probe sketch s and
gallery photo p;. C°(s, k) € {C (s, k), C[ (s. k)}. C°(s, k) means the in-
tersection local constrain nearest neighbors Cp (s, k) or the union
local constrain nearest neighbors Cf(s, k) in Eq. (7), (8). k is de-
noted by k; to be distinguished from the latter k in Eq. (12). With
the proposed local constraint encoding, more divergent neighbors
according to local invariant information could be utilized to make
the encoded features more discriminative. In this way, the encoded
features could benefit from the diversity of synthesized photos
with varying local characteristic, which means more divergent at-
tributes guided discriminative information could help eliminate the
unavoidable biases of face sketches. For convenience, the interac-
tion and union set are calculated as

|C<(s, k) N Ce(pi, k)| = || min(E:, Fy)
|C<(s, k) UCE(pi, k)| = || max(Fy, Fy)

1 (11)
K

Besides, there exists a rule that the encoded features of the
probe sketches with the same identity should be similar. In real-
world scenarios, there indeed exist some inevitable biases in face
sketch generation process, which results in shape exaggerations
and distortions of them. Thus the attribute guided face sketch syn-
thesis method could help increase the interperson diversity and
diminish intraperson variations. Emulating the idea [32] that im-
ages form the same category may share similar encoder features,
it is assumed that synthesis faces with varying local characteris-
tic would maintain the same identity, and naturally the encoded
features of them should be similar. Furthermore, the designed new
feature is encoded to integrate more divergent attributes informa-
tion:

Ef) = it E,

0 = G iecrz(s,k) i (12)
where F; means the local constraint encoded feature according to
Eq. (10). F* means the new encoded feature of probe sketch s,
which integrate more divergent information. k is denoted by k, to
be distinguished from the k in Eq. (10). Finally the new dissimilar-
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Fig. 2. The illustration of face sketch databases. (a): E-PRIP Sketch Database. (b): PRIP-VSGC Sketch Database. (c): UoM-SGFS Sketch Database. (d): Forensic Sketch Database.

ity metric could be designed as

Y min(Feh Fih )

1 S.pi* Lpip;
d(s.p) =1-5(w- S
2 Z?Ll max(F;l’;j’ Fz;‘;},lpj)
S min(F i)
+H1—w) - (S ) (13)
Zj=1 max(FS,pj, Fpi,p,-)

here w ¢ [0, 1] balances the importance of two different types of
local constraint encoding features.

3.3.3. Iterative local aggregation

Actually, when exploring the face sketch generation process,
it could be found that different local regions provide different
complement discriminative information. It is because that forensic
artists always are concerned with some obvious local information
to make generated face sketches more discriminative. Derived from
this, the contextual information is further encoded in an iterative
manner to improve performance. Here the intermediate distance is
calculated in the same way as Eq. (13),

1 27:1 min(EAY | Fh)

dO(s.pi) =1 5(w- ST
20 Y max (B Fyh)
N i mld @ g
A —w. (2o Fip) ) (14)
T N nax (T E10 )
j=1 S,pj * " pi,pj

Inspired from [14] in which the iterative scheme is firstly intro-
duced to fuse information, our goal is to iteratively refine the ini-
tial distance d*((s, p;) by integrating extra complementary com-
ponents discriminative information. The iterative local aggregation
function is formulated as follows:

d* Vs, pp) := (1= 0)d* " (s. pi) + 1dV (s, py). (15)

where A € [0, 1] denotes the iterative local aggregation factor. It is
noted that the intermedia distance is calculated by the extra local
region pairwise distance. Naturally, five-iteration feature encoding
is conducted to fuse complementary information for recognition,
due to local discriminative information extracted from five local re-
gions (Hair, Brows, Eye, Nose and Mouth).

4. Experiments

In this section, the recognition performance of the proposed
method is evlauated on multiple face sketch databases. These face
sketch databases are similar to real scenarios: the Extend PRIP
database (E-PRIP) [3,40], PRIP Viewed Software-Generated Com-
posite database (PRIP-VSGC) [41], Extended UoM-SGFS database

(c) (d

[42] and Forensic Sketch Databases. Example face images are
shown in Fig. 2. Meanwhile, there always exists limited number
of face sketches because of the complex generation procedure. The
face attributes information of these face sketches could be directly
acquired without extra labor in the generation process.

The details about face sketch databases and evaluation metric
are shown firstly. Then the proposed method is compared on multi
face sketch databases to confirm that our method could achieve
superior performance. Finally, the effect of different parameters
is investigated on the recognition performance, and the ablation
study of the proposed method is further exploited. For most ex-
periment databases, the database is randomly split into the train-
ing set and the testing set. The accuracies shown in this section are
statistical results over 10 random partitions, expected when noted.

4.1. Databases and setting

Four face sketch databases are shown in this section. Example
face images are shown in Fig. 2. For all experiment databases, the
whole dataset is randomly split into the training set and the test-
ing set. And recognition accuracies shown in the following sections
are statistical results over several random partitions.

4.1.1. Databases

Extended PRIP Database (E-PRIP) contains 123 subjects, with
photos from the AR database [43] and composite sketches [44] are
generated by FACE software.

PRIP Viewed Software-Generated Composite Database (PRIP-
VSGC) also contains 123 subjects, with photos from the AR
database [43] and composite sketches are generated by Identi-Kit
software [45].

Extended UoM-SGFS database [42] contains 600 subjects, with
photos from the Color FERET database and 1200 facial sketches
in the extended UoM-SGFS database. Two sets are present in this
database: Set A containing sketches created using EFIT-V, and Set
B containing sketches in Set A which are lightly altered using an
image editing program to make the sketches more realistic.

Forensic Database contains 168 subjects, with mug shot photos
and corresponding sketches from real world. The forensic sketches
are drawn by sketch artists with the description of eyewitnesses
or victims. The eyewitnesses’s forgotten memory, inaccurate de-
scription of memory and even the artists’s perceptual experience
when drawing details of sketches could lead to differences be-
tween forensic sketches and photos.

To make results much closer to the real scenarios, the proposed
method is evaluated on the enlarged gallery [12]. The enlarged
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gallery contains 10,000 face photo images of 5329 subjects which
mimic the real-world face retrieval scenarios.

4.1.2. Evaluation metric

In real-world scenario, it is not necessary to find the rank-1
photo as the suspect mug shot for the large modality difference
between sketches and photos. Instead, the rank-n photos would
also be found as the candidates of suspect. Thus, the cumulative
match characteristic would be utilized as the evaluation metric in
following face sketch recognition experiments.

4.1.3. Feature representations

Because of the successfully application of deep convolutional
network methods in traditional face recognition, the proposed
method aims to extract cross modality invariant features with con-
volutional network method. Due to small number of face sketch
database, experiment [4G] shows the fine-tuning in networks
would result in overfitting and inferior results. Hence, the 29 lay-
ers LightCNN network [47] is pre-trained with the CASIA-WebFace
and MS-Celeb-1M database sequentially, and then extract both face
sketches and photos features at the second pool layer. Besides, the
NLDA algorithm [48] is applied to make these cross modality fea-
tures more discriminative. The mentioned method is utilized to ex-
tract features of synthesis photos and gallery photos and then uti-
lize the Euclidean metric to calculate dissimilarities, which is re-
garded as the baseline of our face sketch recognition framework.

4.2. Experiments on face sketch databases

4.2.1. Experiments on E-PRIP sketch database

The same protocol [3] is followed and the dataset is split into
two parts randomly with 10 partitions: the 48 sketch-photo pairs
for training and the rest 75 sketch-photo pairs for testing. As for
the parameters in our algorithm, k; is set to 26, k, is set to 3, w is
set to 0.2 and A is set to 0.2.

Comparison with re-ranking methods Compared with two
popular re-ranking methods, sparse contextual activation (SCA) and
k-reciprocal encoding (k-RF), the proposed method outperforms
them in rank-10 accuracy, and gains a increase of 3.74% compared
with baseline method. It is because the unavoidable biases are
taken into consideration and extract local discriminative informa-
tion.

Comparison with state-of-the-art methods The proposed ap-
proach is proposed with the state-of-art methods in Table 1 with
protocol in [3]. It is noted that the Fisherface [49] is widely used
for VIS homogeneous face recognition, however it yields poor per-
formance in face sketch recognition. It is because the great modal-
ity gap between face sketch and conventional VIS images make

Table 1
Rank-10 recognition accuracies of the state-of-the-art approaches and
our method on the E-PRIP and PRIP-VSGC databases.

Algorithms Accuracy(E-PRIP)  Accuracy(PRIP-VSGC)
Fisherface [49] 35.30% 21.87%
MCWLD [50] 24.00% 15.40%
SSD-based [40] 53.30% 45.30%
Transfer Learning [3]  60.20% 52.00%
CNNs [46] 65.60% 51.50%
DEEPS [42] 80.80% 54.90%
DCCNN [51] 68.60% 67.40%
SP-Net [52] 80.00% -
SGR-DA [53] - 70.00%
DLFace [54] 82.80% 76.40%
Baseline 79.73% 64.53%
SCA [32] 78.13% 66.40%
k-RF [33] 80.93% 68.27%
Proposed 83.47% 68.67%

it more challenging. Thus the face sketch recognition method is
designed for the specialised face recogntion scenarios. [42] ap-
plied transfer learning to make features learned specifically for this
task. However, these methods ignore the local inherent discrimina-
tive information of face sketch. It can be seen that the proposed
method outperforms existing methods and reached rank-10 accu-
racy of 83.47% on the E-PRIP database.

4.2.2. Experiments on PRIP-VSGC sketch database

With the same protocol [3], the 48 sketch-photo pairs are se-
lected randomly as the training set and the rest pairs are the test-
ing set. kq is set to 36, k;, is setto 3, w is set to 0.2 and A is set
to 0.2 in this database. The performance of our method with com-
parison is reported in Table 1. The proposed method outperforms
existing methods and reached rank-10 accuracy of 68.67% on the
PRIP-VSGC database.

4.2.3. Experiments on UoM-SGFS sketch database

The same protocol is followed with [42] to evaluate perform on
this database. The 450 subjects are selected at random for training
and the remaining 150 subjects are assigned as the test set. Be-
sides, 1521 photos are randomly selected from the enlarged gallery
mentioned [12] to simulate the mugshot galleries in law enforce-
ment agencies. k; is set to 3, k, is set to 2, w is set to 0.2 and A is
set to 0.2 in this dataset.

The proposed iterative local re-ranking with attribute guided
synthesis method is compared with state-of-the-art methods on
the UoM-SGFS database Set A and Set B as shown in Table 2, 3 re-
spectively. The proposed method achieves 84.53% at rank 1, which
increase 52.93% compared with state-of-the-art method [42] on
the UoM-SGFS Set A database. Due to the lightly alteration from
Set A sketches to Set B sketches, the proposed method could
achieve 89.73% at rank 1 on the UoM-SGFS Set B database.

Table 2

Recognition accuracies of the state-of-the-art methods and
the proposed iterative local re-ranking method on the UoM-
SGFS SetA Database.

Algorithms Rank-1 Accuracy  Rank-10 Accuracy
PCA [55] 2.80% 8.40%
CBR [30] 5.73% 18.80%
VGGFace [56]  9.33% 31.07%
P-RS [16] 22.13% 49.33%
DEEPS [42] 31.60% 66.13%
DLFace [54] 64.80% 92.13%
Baseline 80.27% 97.07%
SCA [32] 82.67% 94.27%
k-RF [33] 83.73% 97.20%
Proposed 84.53% 98.13%
Table 3

Recognition accuracies of the state-of-the-art methods and
the proposed iterative local re-ranking method on the UoM-
SGFS SetB Database.

Algorithms Rank-1 Accuracy  Rank-10 Accuracy
PCA [55] 5.33% 9.87%
CBR [30] 7.60% 25.47%
VGGFace [56]  16.13% 48.00%
P-RS [16] 40.80% 70.80%
DEEPS [42] 52.17% 82.67%
DLFace [54] 72.53% 94.80%
Baseline 84.00% 98.00%
SCA [32] 86.67% 94.40%
k-RF [33] 88.80% 98.40%
Proposed 89.73% 98.40%
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Table 4

Rank-10 recognition accuracies of the state-of-the-art meth-
ods and the proposed iterative local re-ranking method on
the Forensic Sketch Database.

Algorithms Accuracy  Algorithms Accuracy
PCA [55] 6.07% Fisherface [49] 10.71%
P-RS [16] 11.21% G-HFR [12] 18.21%
SGR-DA [53]  39.00% DLFace [54] 40.73%
Baseline 24.64% SCA [32] 31.25%
k-RF [33] 34.29% Proposed 41.43%

4.2.4. Experiments on forensic sketch database

Experiments on matching real-world forensic sketches with
mug shot photos are conducted finally. For experiemnts on the
forensic sketch database, the CUHK AR database is chosen as the
training dataset. Following the same protocol in [12], 112 sub-
jects are selected randomly as the training set, and the remain-
ing 56 subjects are uses as the testing set. To mimic the large
modality gap between forensic sketches and mug shot photos,
the similar strategy is followed with [24]. Here the CUHK AR
database is taken as the training pairs. Firstly, photos in mugshot
dataset are transformed to synthesize photos by performing the
aforementioned face sketch synthesis method. Then the forensic
sketches are also transformed into synthesized photos with the
same synthesis method. When transforming both forensic sketches
and mugshot photos with the same image style, the proposed iter-
ative local re-ranking method is utilized for matching sketches.

Benefiting from the iterative local re-ranking with attribute
guided synthesis strategy, the proposed method could achieves
41.43% which gains an impressive increase of 23.22% in rank-10 ac-
curacy compared with the state-of-the-art method [12] as shown
in Table 4.

4.3. Parameters analysis

In this subsection, the impact of several parameters is ana-
lyzed in the proposed algorithm on the face sketch recognition
performance. The proposed iterative local re-ranking with attribute
guided synthesis method is evaluated on E-PRIP Sketch Database
under different parameter settings in Fig. 4 and Fig. 5.

Fig. 3 shows example probe sketches and corresponding synthe-
sized photos with proposed attribute guided face sketch synthe-
sis method. In the second row, the attribute Big Nose guided syn-
thesized photo seems more similar with mugshot photo compared
with the original face sketch. It is the unavoidable biases in the

(@) (b) () (d

generation process that introduce shape distortions. Experiments
show the proposed synthesis algorithm could help eliminate these
biases.

Influence of parameter k; The effect of parameter k; is inves-
tigated in the E-PRIP sketch database. k, is fixed at 3, w is fixed
at 0.2 and A is fixed at 0.2. As k; grows, the rank-10 accuracy
first rises with fluctuations and after arriving at the optimal point
it initiates a slow descent with fluctuations. The optimal point is
around kq = 26. When k; is too large, superfluous similarities from
neighbours could be taken into consideration, which would make
performance poor.

Influence of parameter k, The effect of parameter k, is also
investigated in the E-PRIP sketch database. k; is fixed at 26, w is
fixed at 0.2 and A is fixed at 0.2. As k, increases, the rank-10 ac-
curacy increase in a range and then decline steadily. It could be
found that when k, reaches approximately 3 leading better perfor-
mance. It is because when too much value of k, is assigned, more
images of different identities would be included in the neighbor
enhancement, resulting in a decline in performance.

Influence of parameter w The impact of the parameter w is
shown in the left subfigure of Fig. 5. k; is fixed at 26, k, is fixed
at 3 and A is fixed at 0.2. As illustrated before, the w balances the
importance of two different types of local constraint encoding fea-
tures. With increase of w, the rank-10 accuracy first increase with
fluctuations and after reaching the peak at w = 0.2, it starts a de-
cline. Experiment shows the combination of them is better, which
proves these two features contain complementary discriminative
information.

Influence of parameter A The impact of the parameter A is
shown in the right subfigure of Fig. 5. k; is fixed at 26, k; is fixed
at 3 and w is fixed at 0.2. The optimal point is around A =0.2.
As illustrated before, the A denotes the important aggregating fac-
tor for iterative local aggregation. The rank-10 accuracy first rises
and then drops steadily. Experiment shows the proposed iterative
local aggregation method indeed adds more discriminative contex-
tual information from different face components to improve per-
formance.

4.4. Further evaluations

Ablation Study In the ablation study, experiments are con-
ducted to further evaluate the performance of each component
of proposed algorithm on E-PRIP Sketch Database and PRIP-VSGC
Sketch Database. For convenience of comparison, the same pa-
rameters setting is utilized as shown in Section 4.3. As shown in

) (h)

® (g

Fig. 3. Synthesized results of face sketches on the E-PRIP Sketch Database. (a) Face sketches. (b) Mugshot photos. (c) Synthesized photos in the first stage. (d)-(h) separately
shows the synthesized photos guided with attributes Black Hair, Blond Hair, Brown Hair, Big Nose and Chubby in the second stage.
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Fig. 4. Left subfigure shows the accuracies of different numbers of k; at rank-10; right subfigure shows the accuracies of different numbers of k, at rank-10. All the

experiments are conducted on the E-PRIP database.
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Fig. 5. Left subfigure shows the accuracies of different numbers of w at rank-10; right subfigure shows the accuracies of different numbers of A at rank-10. All the experi-

ments are conducted on the E-PRIP database.

Table 5

Ablation study on the E-PRIP and PRIP-VSGC Sketch Databases.

Components

Rank-10(E-PRIP)  Rank-10 (PRIP-VSGC)

Without Attribute Guided Face Sketch Synthesis

Without Iterative Local Re-ranking
Proposed full algorithm

78.13% 66.00%
79.73% 64.53%
83.47% 68.67%

Table 5, removing the attribute guided face sketch synthesis will
degrade the recognition accuracy. It is because that these gen-
erated images with varying local characteristic could help elimi-
nate unavoidable biases, which are introduced in face sketch gen-
eration process. Additionally, it is clear that utilizing iterative lo-
cal re-ranking could effectively integrate the inherent local infor-
mation to improve face recognition performance. It is noted that
the proposed local iterated re-ranking is inspired from the itera-
tive scheme introduced in [14], but differs from that. The differ-
ences are clarified on three aspects: 1. [14]| aims to explore the
diverse information embedded in features and fuses divided fea-
tures for re-ranking. Different from that, our goal is to utilize more
extra local modality-invariant discriminative information to dress
the modality gap, which is inspired from researches [18,30] in face
sketch community; 2. The intermedia distance in [14] includes the

neighborhood information given by the initial distance. However,
the proposed intermedia distance in Eq. (14) is calculated by the
extra local region discriminative information but not the initial dis-
tance; 3. In [14] authors manually conduct two-iteration encod-
ing in experiments. In the proposed method, five-iteration feature
encoding is conducted naturally to fuse complementary informa-
tion for recognition, due to local discriminative information ex-
tracted from five local regions (Hair, Brows, Eye, Nose and Mouth).
Considering the large shape exaggerations and distortions in face
sketches, the proposed iteration local re-ranking aims to integrate
inherent local invariant information to mimic the modality gap.
Example Results Example probe sketches matching results are
shown in Fig. 6. Experimental results show the proposed method
could make mug shot photos ranks higher in the ranking list,
which would be missed in the ranking list of the baseline method.
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Fig. 6. Example results of two probe sketches on the E-PRIP sketch database. For each probe sketch, the first and the second rows correspond to the ranking results produced
by Baseline and the proposed method respectively. Photo surrounded by the red box denotes the same identity as the sketch. (For interpretation of the references to colour

in this figure legend, the reader is referred to the web version of this article.)

Example results show that the proposed iterative local re-ranking
with attribute guided synthesis algorithm could effectively boost
the recognition performance.

5. Conclusion

A novel iterative local re-ranking with attribute guided synthe-
sis algorithm is proposed for face sketch recognition in this paper.
Considering the unavoidable biases introduced in the generation
process, the clues of face attributes are utilized to synthesis pho-
tos with varying local characteristic, which could help mimic the
large difference between sketches and photos. Besides, an iterative
local re-ranking algorithm is proposed to extract contextual fea-
tures integrated with local discriminative information. Experiments
on E-PRIP database, PRIP-VSGC database, UoM-SGFS database and
Forensic Sketch database illustrate the effectiveness of the pro-
posed method. The key benefit of the proposed method is that the
inevitable biases elimination and the local invariant discriminate
information are crucial for face sketch recognition. In the future,
further researches would focus on: (1) evaluating the recognition
performance on more heterogeneous face recognition scenarios, (2)
discovering the cross modality attribute information to eliminate
unavoidable biases of face sketches, (3) integrating the local invari-
ant discriminative information more effectively.
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