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Abstract

Face sketch recognition is one of the most challenging
heterogeneous face recognition problems. The large do-
main difference of hand-drawn sketches and color photos
along with the subjectivity/variations due to eye-witness
descriptions and skill of sketch artists makes the problem
demanding. Therefore, despite several research attempts,
sketch to photo matching is still considered an arduous
problem. In this research, we propose to transform a hand-
drawn sketch to a color photo using an end to end two-stage
generative adversarial model followed by learning a dis-
criminative classifier for matching the transformed images
with color photos. The proposed image to image transfor-
mation model reduces the modality gap of the sketch images
and color photos resulting in higher identification accura-
cies and images with better visual quality than the ground
truth sketch images.

1. Introduction

Owing to recent instances of terrorism and public dis-
order, face recognition has become an indispensable tool
for law enforcement. Unavailability of photo of the sus-
pect often leads to law enforcement authorities preparing
a sketch based on eye-witness descriptions. This sketch is
then used to identify the subject by distribution in the me-
dia and/or matching with a mugshot database. The problem
of face sketch recognition involves automatically matching
sketch images to color photos [1, 12]. As shown in Fig-
ure 1, domain difference of the two input modalities, color
photo and hand-drawn sketch, is particularly large with the
abstraction, distortion and exaggeration of the sketch artists
and the witnesses. In addition to that, a witness may have
only fleetingly observed the suspect, augmented with the
fact that they slowly lose memory over time [21], may re-
sult in sketches which might have incorrect/incomplete fa-
cial details of the suspect. The above points make it one
of the toughest problems in heterogeneous face recognition
(HFR).
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Figure 1: Sketch to photo matching is challenging due to their
modality gap with color photos and inherent subjectivity of hand-
drawn sketches. (a)-(d) are hand-drawn sketches (left) by a sketch
artist along with their corresponding color photos (right).

Based on whether the person drawing the sketch has
viewed the suspect themselves, sketches are classified into
three categories: (1) Viewed sketches, (2) Semi-forensic
(semi-viewed) sketches, and (3) Forensic (unseen) sketches.
Existing literature in face sketch recognition generally in-
volve projecting sketches and color photos into a common
subspace where they can be matched efficiently [12, 20] or
learning new descriptors [18] that remain invariant across
the two modalities.

Memory is one of the core processes involved in the
complex task of human cognition. Experiments reported
in literature suggest that a person is more likely to recall a
color version of a scene than its grayscale counterpart [2, 6].
Drawing inspiration from this observation, this paper aims
to validate if this phenomena extends to automated algo-
rithm for matching sketches. We propose a novel algorithm
to colorize a hand-drawn sketch image to its colour coun-
terpart and use them for recognition process. The contribu-
tions of this work are as follows:

e We propose a two step generative adversarial net-
work (GAN) for image to image translation to convert
grayscale sketches to color photos. In the first step, a
grayscale sketch is converted into grayscale photo fol-
lowed by its colorization. Thereafter, the color photo
is matched to a gallery of color photos by learning a



discriminative deep CNN model.

e Extensive evaluation is carried out on the proposed
method quantitatively in terms of recognition perfor-
mance on viewed, semi-forensic, and forensic sketches
and visual quality of the transformed sketch images
using no-reference image quality metrics. The pro-
posed method is shown to significantly improve sketch
to photo recognition performance on the IIITD Sketch
Database [1].

2. Previous Work

One of the earliest face sketch recognition papers by
Uhl et al. [24] located facial features in both sets of im-
ages, photometrically standardized the sketch followed by
geometric standardization of both and used eigenanalysis
to compare the two images. Gao et al. [7] looked into en-
semble of embedded Hidden Markov Models for transfor-
mation followed by eigenface based classification. Xiao et
al. [28] used an HMM transformation model followed by
kNN classification. Wang et al. [25] and Liu et al. [14]
explored dictionary learning based methods for learning a
mapping between the two domains. Forensic sketch recog-
nition was addressed by Klare ez al. [12] in which scale in-
variant feature transform (SIFT) features and multivariate
local binary patterns (MLBP) were used to perform a local
feature discriminant analysis. Subsequent works addressed
recognition for software generated composite sketches by
Han et al. [9] and Chugh et al. [3] where handcrafted fea-
tures like MLBP, and HOG were used to extract features
for matching. Bhatt et al.[1] proposed multiscale circular
Weber local descriptor along with a memetic algorithm that
improves the identification accuracies for sketch recogni-
tion. Mittal ef al. [17] proposed a fusion based framework
using HOG and DAISY features with attribute feedback to
perform recognition on composite sketch images.

Limited work has been carried out in face sketch recogni-
tion using learning based algorithms. Mittal et al. [18] per-
formed composite sketch matching using learned features
by training on face photos using a combination of autoen-
coder and deep belief network. A framework that generates
deep convolutional low level features that can be adapted
to a domain, e.g. sketch, near-infrared or thermal was pro-
posed by Pereira et al. [4]. Nagpal et al.[19] proposed a
transform learning based approach to learn a transformation
and mapping function between the features of two domains.
Di and Patel [5] proposed a three stage pipeline for generat-
ing coloured faces from texture attribute information. Iran-
manesh et al. [10] exploited facial attribute information and
leveraged loss functions from facial attributes for identifica-
tion and face verification tasks.

3. Proposed Method

In this section, the proposed algorithm for translating
grayscale sketch to color photo is discussed. As shown in
Figure 2, a two stage pipeline is proposed to generate a color
photo from a sketch image with good structure and qual-
ity. The first stage transforms a sketch to grayscale photo
and the second stage transforms the generated grayscale
photo from the previous stage to a color photo. Before delv-
ing into the details of the proposed approach, a brief back-
ground on GANSs is discussed.

3.1. Generative Adversarial Networks

Generative Adversarial Networksv (GANSs) [8] learn to
map a latent space to a given target distribution. Let z be
the random noise that is fed to the generator G, and x be the
real image. The discriminator D takes in input data and out-
puts the probability of the data being real. The discriminator
ensures that it maximizes the likelihood when the input, x,
is real and minimizes the likelihood when, x, is syntheti-
cally generated by the generator (G(z)). The generator on
the other hand minimizes the likelihood of the discrimina-
tor correctly predicting the generated image is fake. The
final loss function, also called as the adversarial loss is of
the form:

mingmaxpV (D,G) = Ex[log(D(x))] + E;[log(1 — D(G(2)))] (1)

3.2. Proposed Two Stage Image Translation

The sketch to grayscale photo stage presents a cyclic-
GAN style architecture which takes as input a grayscale
sketch and outputs a grayscale photo. The blue and red
GAN models (Figure 2) are part of the first stage that
transform sketch to grayscale photo and grayscale photo to
sketch respectively. The losses employed to train the mod-
els are annotated against each stage in Figure 2. In the
second stage (grayscale photo to color photo), the output
grayscale photo from stage 1 is sent into an image to im-
age translation model (learned using grayscale and ground
truth color photos), which takes in an additional noise vec-
tor and outputs a color photo. The output color photos are
then utilized to learn a discriminative CNN model using
triplet loss [23]. During testing, an input sketch image is
given to the network which produces a color photo (through
its two stage architecture), which is matched to color photos
(gallery) with the discriminative CNN model learned. Next,
each stage is illustrated in detail, along with the constituent
losses that are utilized to learn the models.

3.2.1 S2GSP: Grayscale Sketch to Grayscale Photo
Translation

Let us consider x as an image in domain X and y, an image
in domain Y, two generators, Gxy and Gyy that transform
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Figure 2: Illustrating the steps of the proposed method. The image to image translation network consists of two distinct stages. The
S2GSP stage translates sketch images into grayscale photos (using a cyclic architecture of two GANs colored in blue and red), and the
GSP2CP stage translates grayscale photos to color photos. The images produced by the GSP2CP stage are then used for matching with a

gallery of color photos using a classifier trained by the triplet loss.

images from domain X to ¥ and Y to X respectively. Sim-
ilarly, consider two discriminators, Dy and Dy that distin-
guish real Y from fake Y and real X from fake X respec-
tively. Losses employed in this stage are as follows.

Cycle Consistency loss: The idea behind cycle consistency
is that the image in domain Y formed after Gxy (x) should
give the original image, x, when it is passed through Gyy,
that is, x = Gyx(Gxy(x)). Cycle consistency loss for the
translation from X to Y is,

Leyexy = Ex[Gyx (Gxy (x)) —x] )

Structural Similarity Loss: Structural similarity (SSIM)
[26], measures the image quality given a reference image.
It compares the two windows, a, b of same size from two
images on the basis of three measurements:(i) luminance,
I(a,b), (i) contrast, c(a,b), and (iii) structure, s(a,b) *.

A linear combination of luminance, contrast and struc-
ture is utilized to calculate the SSIM value of the two
patches. The numerical range of SSIM is from —1 to 1,
where the value is 1 when the image being compared is the
same as the reference image. However, negative SSIM error
can be misleading to the network, hence the following equa-
tion is used to calculate SSIM loss to ensure positive loss
and direct proportionality of image quality and loss value,

1 —SSIM (y,Gxy (x))

Loy = 4
ssimX 2+SSIM(y, GXY (x)) ( )
*The three measurement functions are calculated as:
2 1 2 2 o+ 32
I(a,b) = “112“7’#; c(a,b) = "HZLJFZZJ(M,) - ‘1”722 3)
Wy + W o, + 0} 0,0p+ %5

where, 1, and g, be the averages, 62 and Ghz be the variances of the win-
dows a and b, 6,5, be the covariance of the two windows, R is the dynamic
range of pixel values 22#sPerpixel 1 7 — (0.01%R)?, and zp = (0.03%R)>.

Supervised loss: To ensure that the network does not cor-
rupt important discriminative information in the process of
image translation, a deep supervised loss is employed. Let
F(x) be the embedding of input a from a model F. The I,
loss of the embeddings of two images a and b is calculated
as the supervised loss. The supervised [, loss between x and
Gyx (y) can be written as:

Lypx = (F(x) — F(Gyx (Gxy (x))))? (%)

Identity Loss: Ideally, if an image from the target domain,

v, is passed through Gyy, the result should be y itself. The

identity loss is the /; difference between y and Gxy (y), ex-

pressed as,

Ligenx = ||Gxy (y) = || (6)

When translating image from domain X to domain Y, let

Lgsimx be the SSIM loss, Lg,,x be the supervised Loss,

Leyexy be the cycle consistency Loss, L,y be the adver-
sarial loss, and L;z.,x be the identity loss.

Similarly, when translating image from domain B to do-
main A, let L,y be the SSIM loss, L,y be the supervised
loss, Leyeyx be the cycle consistency loss, Lqgyx be the ad-
versarial loss, and L;z.,y be the identity loss. The final loss
function for the image translation process is,

loss = Lggimx + LsupX + LcycXY + Laavy + Lidgenx %
+Lssin1Y + Lsqu + Lcch x + Lade + LidenY
3.2.2 GSP2CP: Grayscale Photo to Color Photo Trans-
lation

The second stage involves the colorization of grayscale pho-
tos obtained from the previous stage. Using a conditional
GAN [15], one can condition the generation of images in
the target domain. Let x be the input image, and z be the
noise vector added, then the objective function becomes,

mingmaxpV (D, G) = E,[log(D(x))] + E;[log(1 — D(G(x,z)))] (8)



In such a conditional GAN, the discriminator can be fur-
ther conditioned so that the GAN can directly learn from the
required target image et al. [11]. Let y be the gallery image
in the target domain to which we want x to translate to. The
objective function is expressed as:

mingmaxpV (D, G) = E,[log(D(2))] + E;[log(1 — D(G(2)))] ©)
+1Ex,)nz[‘ y=G(x,2) ]

3.2.3 Face Recognition

Face sketch recognition is performed using a deep-CNN
model. It is trained using triplet loss [23] on the training
images of the evaluation dataset. Triplet Loss is an effective
deep metric learning loss function for training a discrimina-
tive model. A triplet consists of an anchor (probe), a pos-
itive sample (correct galley image), and a negative sample
(wrong gallery image). Consider one such triplet, an anchor
image A, a positive image P, and a negative image N. The
loss function can be expressed as,

triplet_loss = Y '[| f(A) = f(P)]* = |f(4) = f(N)]* + e+ (10)

where f(X) is the embedding of image X, « is the margin
parameter, and [k]+ = max(0,k).

3.3. Network Architectures and Implementation

In this section the network architectures of the deep mod-
els used for image to image translation and other implemen-
tation details are outlined to ensure reproducibility of the
work.

3.3.1 S2GSP

S2GSP, similar to the cycleGAN [30], has two generators
and two discriminators - one generator translates sketch
to grayscale photo and the other translates from grayscale
photo to sketch.

Generator Architecture: The generator, comprising an en-
coder, transformer, and decoder, transforms image from do-
main A to domain B. The encoder network generates a fea-
ture vector of the image in domain A, the transformer con-
sisting of ResNet blocks transforms the feature vector of the
image in domain A to a feature vector of image on domain
B. The output of the transformer is then sent to the decoder
which reconstructs the image from the feature vector.
Discriminator Architecture: To produce high quality out-
put, patchGANSs are proposed which have been previously
explored in [11, 13] to preserve texture and/or style. In a
patchGAN, the discriminator does not compare the image
as a whole, it compares patches of say size S x S and gives
an output as to whether the patch is a real, or fake.

3.3.2 GSP2CP

This stage comprises of one each of generator and discrim-
inator. Along with an input image in domain A the network

also takes in a Gaussian noise vector input z.

Generator Architecture: The generator uses a UNet-
256 [22] architecture with skip connections between corre-
sponding layers of encoder and decoder, that is, there exists
a connection between layer i and n — i where #n is the to-
tal number of layers. A connection between two layers in a
UNet implies that all channels from layer i are concatenated
and given as input to layer n — i.

Discriminator Architecture: The discriminator used is the
same as that of S2GSP as illustrated in section 3.3.1.

3.3.3 Training Parameters

Adam optimizer with learning rate 2+ 10~* and B; value of
0.5 is slowly decayed to O over the course of 5 iterations in
the S2GSP stage and 200 in the GSP2CP stage. Multiplier
parameters were used to scale the loss functions in relation
to each other in S2GSP stage. The best model has weights
of 10, 0.5, 1, 1, 0.5 for cycle consistency loss, identity loss,
adversarial loss, supervised loss and SSIM loss respectively.

3.3.4 Training Face Recognition Classifier

A LightCNN [27] model, pretrained on MS-Celeb 1M
dataset, is finetuned using the triplet loss. This fine-
tuned model is used to match probe images (sketch im-
ages) and gallery (color photos) for face classification. The
LightCNN model has 29 convolutional and 4 pooling layers.
No hard mining was performed for generating the triplets.
The Adam optimizer is used with a learning rate of 10~
gradually decreasing to 107°,

4. Results and Analysis

This section outlines the databases used, protocols fol-
lowed, and the results and analysis obtained.

4.1. Databases

IIITD Sketch Database [1]: The proposed algorithm has
been finetuned and evaluated on the IIITD Sketch database
[1]. The database contains (1) 238 viewed sketches, (2) 140
semi forensic sketches, and (3) 190 forensic sketches.

Augmented CelebA Database for Training: Celeb Faces
Attributes Dataset (CelebA) [29] is a large-scale face at-
tributes dataset with more than 200,000 celebrity images
and 10,177 identities. CelebA dataset is used to train the
GSP2CP network. For the S2GSP network, there is a short-
age of sketch-photo pairs to be used as training data. A new
sketch-photo dataset is generated from CelebA using Adobe
Photoshop. In order to generate variations in training sam-
ples, i.e., to simulate a forensic image setting, one grayscale
sketch is mapped to an average of 10 different color photos
of the same person. This generates a total of 92, 720 images.
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Figure 3: Results of image to image translation using the proposed two stage network. Visual inspection shows that the transformed
images (third row) have much lesser domain difference with the gallery images, thus producing better identification accuracies when they

are matched with them.

Table 1: Identification accuracies (%) on the IIITD sketch
database.

Source Images Matched using Rank 1 | Rank 10
Grayscale sketch 32.63 68.94
Colorized Photos | 37.98 76.85
Grayscale sketch | 28.57 66.96
Colorized Photos | 30.35 72.32
Grayscale sketch 5.26 33.55
Colorized Photos 3.28 32.89

Viewed Sketches

Semi-Forensic Sketches

Forensic Sketches

4.2. Results and Analysis

Results are analyzed, both quantitatively (face sketch
recognition and image quality metrics) and qualitatively (vi-
sual inspection of transformed images) as follows.

Visual Quality: On visual inspection (Figure 3) it is ob-
served that the sketch images have significant domain dif-
ference with the ground truth color photos. However, the
transformed sketches (third row in Figure 3) have sig-
nificantly lower domain difference with the color pho-
tos. A popular no reference image quality metric namely
BRISQUE [16] is utilized for image quality assessment.
The BRISQUE value (lower score signifies better image
quality) of the transformed semi-forensic sketches is 42.61,
better than those of the ground truth sketches which is
43.19. Similarly, for the transformed viewed sketches,
BRISQUE value is 40.17, and for the ground truth sketches
it is 42.88. Thus, it can be established that the proposed
method leads to improved quality images.

Recognition Performance: The colorized photos pro-
duced by the proposed method significantly outperforms
(Table 1) the ground truth sketch images in terms of recog-
nition performance. It is observed that the accuracies for
the viewed sketches are the highest, as their domain dif-

@
3

Accuracy (%)
Accuracy (%)

30 —+Sketches —+Sketches
——Colorized (proposed) ——Colorized (proposed)

2 4 6 8 10 2 4 6 8 10
Rank Rank

(b) Viewed sketches

(a) Semi-Forensic sketches

Figure 4: CMC curves showing identification accuracies for
viewed and semi-forensic sketch recognition.

ference with the gallery images are much lesser compared
to semi-forensic and forensic sketches. For both viewed
and semi-forensic sketches the images produced by the
proposed framework yields higher identification accuracies
than the ground truth sketch images. However, for forensic
sketches the proposed method produces marginally lower
identification accuracy (about 1.9% lower at rank 10). This
may be due to the high domain difference between foren-
sic sketches and color photos. Another reason could be
the subjective nature and inherent variability of the forensic
sketches. CMC curves for matching of semi-forensic and
viewed sketches to color photos are outlined in Figure 4.
Ablation Study: An ablation study is performed by utiliz-
ing the images produced from stage 1 (S2GSP) of the image
translation network. These images yield rank 10 identifica-
tion accuracy of 71.43%, 70.74% and 30.18% for viewed,
semi-forensic and forensic sketches respectively. These ac-
curacies are lower that what we obtained (Table 1) with the
colorized photos from stage 2 (GSP2CP), but higher than
ground truth sketches, which shows that the second stage
(GSP2CP) for colorization is essential and helps to reduce
the domain gap with the gallery images (color photos).



5. Conclusion

A two stage framework is proposed for transforming
grayscale sketches to color photos using the process of im-
age to image translation by generative adversarial networks.
Visual results show that the colorized photos have much
lesser domain gap with the gallery images. Quantitative
results show that the recognition accuracy of sketches im-
proves after colorization. The proposed method may be uti-
lized to colorize a sketch image for better matching perfor-
mance (with color photos) or when improved quality images
are required for visual inspection.
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