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Abstract

Sketch based image retrieval is a task that has been ex-
plored a lot recently as an alternative method for image
retrieval. We develop this task on The Sketchy Database,
where we use Siamese and Triplet network to perform sketch
based image retrieval. We employ deep residual learn-
ing network as the constituent network in the Siamese and
Triplet architecture and use new data augmentation tech-
niques for the task. Recent success of deep residual network
(ResNet) suggests that it performs better than the previous
architectures.

1. Introduction
The paper proposes a sketch based image retrieval sys-

tem which allows users to draw a sketch and the system
then finds corresponding similar image from the data set.
The main advantage of sketch based image retrieval as op-
posed to text based retrieval is that it is easier to express
the orientation and pose in the query sketch to find the re-
quired image as opposed to specifying these characteristics
in text. The main challenge in sketch based image retrieval
system is that it requires understanding of both sketch and
image domain and then do comparison. Traditional ap-
proaches have depended on hand designed features which
use the gradients or edges as features which are generally
invariant across both image and sketch domains but such
techniques can be bettered a lot. With the advent of deep
convolutional networks, there has been an improvement in
image recognition tasks in both image and sketch domain.
So our goal in this paper is to train a deep convolutional net-
work to learn the cross-domain representation for sketches
and images and retrieve images with same pose and orien-
tation as the query sketch. The main contribution of our
work is to use ResNet [4] as a constituent of Siamese [3]
and triplet network [7] architecture. In our knowledge, this
has not been performed previously.

The next section of the paper talks about some of the
related work in the field of sketch based image retrieval.
A brief overview of the data augmentation techniques and

deep network architectures is discussed in Section 3. The
results obtained and discussion of results is done in Section
4 and the conclusion and future work is presented in section
5.

2. Related Work
Cao et al.[8] proposed a new descriptor called

Symmetric-aware Flip Invariant Sketch Histogram (SYM-
FISH) which included three steps for extraction. The Flip
Invariant Sketch Histogram (FISH) descriptor is first ex-
tracted on the input image followed by exploring the sym-
metric character of the image by calculating the kurtosis
coefficient followed by generating the SYM-FISH by con-
structing a symmetry table. Saavedra et al.[5] proposed de-
tecting mid-level patterns called learned keyshapes for de-
scribing the sketches in two steps. Firstly an offline pro-
cess is used to figure out a set of keyshapes and then the
LKS descriptors are generated based on the detected set of
keyshapes. Eitz et al.[6] developed a new data set consisting
of 31 sketches each with 40 photos ranked by similarity and
proposed a new descriptors based on the bag-of-features ap-
proach. Li et al.[9] show that sketches can be used for fine-
grained retrieval within object categories. They introduce
a mid-level representation of sketch that along with captur-
ing the object pose also has the ability to traverse both the
sketch and image domains. Wang et al.[2] proposed a cross-
domain embedding methods that train Siamese networks to
learn a common feature space for Sketches and 3D models.

3. Network Architecture
3.1. Siamese Network

A Siamese architecture contains two set of copies of the
function GW which may share the same set of parameters
weights W, and cost module in cases when inputs to the
networks are from same domain. In case of inputs to the
network belonging to different domains, each set has its dif-
ferent parameter weights W. The output from this architec-
ture are given as input to a loss module which is placed
on top of them. The input to the architecture consist of
a pair of images (X1, X2) and a output label Y. The im-
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Figure 1. Siamese Network Architecture.

ages are given as input to the functions, which gives two
outputs G(X1) and G(X2). The cost module takes those
output G(X1) and G(X2) as input and then generates some
form of distance DW (GW (X1), GW (X2)). The loss func-
tion uses both, the generated DW and label Y to produce
the scalar loss value LS . The parameter W to the network
is updated using stochastic gradient descent rule. The gra-
dients are computed by back-propagating the loss value, the
cost value, and the two sets of GW . The combined gradient
is the addition of the contributions from the sets of GW . In
our case, the output label is generally binary and the input
pair to the networks are either similar or dissimilar. Siamese
networks use a contrastive loss function given by the equa-
tion

L = Y (I)× d(S, I)2 + (1− Y (I))×max(0,md(S, I))2

where S is an embedded sketch, I is an embedded image
of the object instance, which may be same or different, d()
signifies the Euclidean distance, and m is a margin. The
contrastive loss function ensures that dissimilar sketchim-
age pairs are pushed away from each other and similar
sketchimage pairs are pulled nearer to each other in feature
space.

3.2. Triplet Network

A Triplet network which is inspired by above Siamese
network is made up of 3 sets of the feed-forward network
which may share the same parameters. When the network is
fed with three samples, it gives as outputs two intermediate
values, which correspond to the L2 distance values between
the representation of two of its inputs from the represen-
tation of the third. In our case if the inputs to the Triplet
networks are given as x, x+ and x, then the loss is expressed
in the form input x should be closer to input x+ than to input
x-. Triplet networks use ranking loss which is given by the
equation

L = max(0,m+ d(S, I+)d(S, I))

Figure 2. Triplet Network Architecture.

This ranking loss function is more expressive in terms of the
fine-grained relationships than the Siamese loss.

3.3. Deep residual network

Residual Networks which are recently introduced by [4]
modify a plain convolution network by inserting shortcut
connection between input and output of every layer which
converts the plain convnet into residual network. The iden-
tity shortcuts connections mentioned above can be added
directly when the dimensions of the input and output for a
layer are same. When there is a increase in the dimensions
then there are two different ways of inserting connections
between input and output. In first method the shortcut con-
nection correspond to identity mapping and extra zero en-
tries are padded for increasing the dimensions. The second
method of adding connections is to match the dimensions
which can be done by 11 convolutions. The basis of residual
learning is that it consider some underlying mapping H(x)
which is to be fit by some of the stacked layers, with x be-
ing the inputs to the first of these layers. If we consider that
multiple nonlinear layers can asymptotically approximate
complicated functions, then the consideration is same as the
consideration that they can asymptotically approximate the
residual functions, which is, H(x) − x. In this case, the
layers are made to explicitly approximate a residual func-
tion F (x) := H(x)x. The modifies the original function
to F (x) + x . Now, thought it is possible to asymptotically
approximate both the above forms to the the required func-
tions as hypothesized, it might be easier to learn the latter
form.

4. Dataset
We use Sketch Database for the task. Sketchy is a dataset

that was recently collected sketch dataset from images. It
has rich pose and orientation information since the human
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Figure 3. Residual Network Architecture.

Figure 4. Data Augmentation. From top to bottom, left to right -
Original, Mirrored, Stretched, Wiggle Noise added Sketches.

sketch makers were instructed to keep the same pose and
orientation as shown in the image. The dataset consists of
74,425 sketches of 12,500 objects under 125 categories.

4.1. Data Augmentation

The following data augmentation techniques were used
to generate more training sketches. CNNs are highly sen-
sitive to input mirroring and the sketch images are horizon-
tally mirrored to increase the training data set. Stretching is
done to increase the horizontal width of the image keeping
the pixels constant. Wiggle noise is added to the sketches to
give the wiggling to the line strokes in the sketches.

5. Evaluation
5.1. Training Methodology

We do stepwise training for all our architectures. We
initialize our weights for both image and sketches net with
classification net trained on ImageNet [1]. We then pretrain
our skech net on Eitz [6] dataset. To pretrain the image

Figure 5. Recall plots for ResNet-50 architecture

Method Recall@1 Recall@10
ResNet-50 Cat 10.98 82.56
GoogleNet-50 Cat 12.45 65.54
ResNet-50 Siamese 29.33 76.78
GoogleNet-50 Siamese 27.36 92.05
ResNet-50 Triplet 29.50 82.34
GoogleNet-50 Triplet 37.05 93.04

Table 1. Recall@1 and Recall@10 for our method (ResNet-50)
and previous method

dataset, we downloaded 125,000 total images from flickr
for 125 categories. Finally we train our net on embedding
loss.

We use SGD as our training method. The learning rate
is 1e − 5, weight delay 0.0002, momentum 0.9 and batch
size 10 for triplet network and 15 for Siamese network. We
trained the network for 250, 000 iterations.

5.2. Results

Figure 5 gives the recall plots for ResNet-50 architecture
for networks trained on various different losses. As we can
see the embedding loss gets improvement in 1-Recall to the
network trained purely on categorization. This emphasizes
embedding loss is useful in such cross domain task.

Table 1 shows the results of ResNet-50 along with
GoogleNet architecture. As we can see the 1-Recall is better
for ResNet-50 than GoogleNet in case of Siamese network.
This shows that the higher depth of ResNet architecture is
useful here also. Although the same results are not repli-
cated for Triplet network. We suppose that this might be
due to higher number of parameters in ResNet architecture
it requires more positive training pairs.

5.3. Error Analysis

The top 1 per category recall for some of the categories
is shown in figure 6 which gives some idea about the per-
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Figure 6. Per category recall.

Figure 7. Random sketches of snakes and harps.

formance of the network architecture. It can be seen from
figure 6 that for categories snake, dog the per category recall
is very high whereas for categories like harp, wheelchair the
per category recall is very low. This results are expected as
sketches of snakes or dogs inherently have different pose
and orientation information but sketches of harp generally
will have same orientation. Figure 7 shows randomly sam-
pled sketches of snakes and harps which shows that sketches
of snakes have more variety in terms of pose and orientation
whereas the harp sketches are monotonous in terms of pose
and orientation. Due to this though a sketch query of harp
may return an image of harp which may match the pose and
orientation of the sketch but may not correspond to the im-
age assigned to the sketch in the data set.

6. Conclusion

We have given a new architecture for sketch based image
retrieval task. We showed that ResNet architectures inside a

Siamese/Triplet network performs good. As previous work
have shown we got better results than GoogleNet architec-
ture on Siamese network. However we couldn’t get similar
improvements on Triplet network. We believe that this is
due to higher number of parameters that needs more pos-
itive pairs to be trained. We think that the task of sketch
based image retrieval should be posed as similarity predic-
tion task for future uses because different photos can be of
similar pose and orientations. Similarity rating collection
for pairs of sketches in photos in Sketchy Database would
be the future work on this task.
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