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ABSTRACT
Hashing method is a widely used method for content-based
image retrieval. For more complicated semantic similarity of
images, supervised hashing methods based on hand-crafted
features show its limitations. Convolutional neural network
(CNN) has powerful automatic feature learning ability. For
this reason, CNN based deep hashing methods outperform
previous methods. In this paper, we propose a new deep supervised hashing method for efficient image retrieval. We design a novel deep network with a hash layer as the output
layer. An algorithm is proposed to generate optimal target
hash code for training. We perform point-wise training for
simultaneous feature extracting and hash function learning.
Experiments on standard image retrieval benchmarks show
that our method outperforms other state-of-the-art methods
including unsupervised, supervised and deep hashing methods.
Index Terms— Image Retrieval, CNN, Hashing Learning
1. INTRODUCTION
With growing demands for browsing, searching and retrieving images from a large image database, content-based image retrieval has become a hot topic. The hashing method
is the most successful method, like [1], [2] and [3]. Images
are mapped to compact binary hash codes according to extracted image features. Since nearby hash codes indicate similar contents, hashing methods retrieve images with similar
hash codes to query image’s. The binarized representation
of images leads to great efficiency improvement on storage
and computation compared to standard techniques operating
in Euclidean space [4].
The critical part of existing hashing methods is the features they use to represent the image. Convolutional neural network (CNN) has proved its remarkable performance
in tasks highly depending on feature extracting, like image
classification, natural language processing, and video analyThis work is supported by NSFC (61671296, 61521062 and U1611461),
the national key research and development program of China(BZ0300013).

978-1-5090-6067-2/17/$31.00 c 2017 IEEE

sis. CNN based methods outperform previous leading methods in these areas, which shows that CNN can learn robust
features representing the semantic information of images.
A very natural idea is to use deep learning for learning compact binary hash codes. Following semantic hashing [3], deep hashing methods using CNN show great performance in content-based image retrieval. In this paper, we
propose a new supervised deep hashing method for compact
hash code learning to perform content-based image retrieval.
Our method is an end-to-end learning framework with three
main steps. The first step is to generate optimal target hash
code from point-wise label information. The second step
is to learn image features and hash function simultaneously
through the training process of carefully designed deep network. The third step is to map image pixels to compact binary
codes through hash function and perform image retrieval. Our
method reaches state-of-the-art performance on MNIST and
CIFAR-10 datasets.
The rest of this paper is organized as follows: Section 2
discusses the related works of hashing methods. The details
of our method are in Section 3. The experimental results are
provided in Section 4. Finally, Section five gives the conclusion.
2. RELATED WORKS
Hashing methods include data-independent methods [1] and
data-dependent methods [5][2][6][7][8]. Methods of the first
category are proposed in earlier days. The most representative ones are locality-sensitive hashing (LSH) [1] and the
variants of it. The hash function is not related to training
data. Instead, they do random projections to map images into
a feature space. The second category learns the hash function from the training data. Because of the extra information,
data-dependent methods outperform data-independent ones.
Data-dependent methods can be further divided into unsupervised methods and supervised methods. Unsupervised
methods include spectral hashing (SH) [5], iterative quantization (ITQ) [7], etc. These methods learn hash functions from
unlabelled training sets. To deal with more complicated im-

Fig. 1. The proposed framework for CIFAR-10 database. First, target hash code set is generated based on hash length C, image
category number K. Then deep network is trained with raw images and target hash code. Finally, image retrieval is processed
with the hash function, which is the trained network concatenated with a sgn function.
age database, supervised methods are proposed to learn better
hash function from label information of training images. For
example, supervised hashing with kernels (KSH) [2] requires
a limited amount of supervised information and achieve high
quality hashing. Minimal loss hashing (MLH) [6] is based
on structured prediction with latent variables and a hingelike loss function. And binary reconstructive embeddings
(BRE) [8] develops an algorithm for learning hash functions
based on explicitly minimizing the reconstruction error between the original distances and the Hamming distances.
Hashing methods mentioned above use hand-crafted features which are not powerful enough for more complicated
semantic similarity. Moreover, the feature extracting procedure is independent of hash function learning. Recently,
CNN based hashing methods called deep hashing methods
are proposed to issue these problems. CNN can learn more
representative features over hand-crafted features. Furthermore, most deep hashing methods perform feature learning
and hash function learning simultaneously and show great
improvement compared to previous methods. Several deep
hashing methods have been proposed and proved to have better accuracy in content-based image retrieval. For example,
CNNH [9] proposes a two-stage deep hashing method. It
simultaneously learn features and hash functions based on
learned approximate hash codes. Deep pairwise-supervised
hashing (DPSH) [10] performs learning based on pairwise
labels. [11] poses hash learning as a problem of regularized similarity learning and simultaneously learn hash function and image features through triplet samples. Our approach
proposed in this paper outperforms the above methods.

3. PROPOSED METHOD
Given N training images X = {x1 , x2 , ..., xN } belonging to
K categories, xi is in the form of raw RGB values. Label information is noted as L = {l1 , l2 , ..., lN }, li ∈ {1, 2, ..., K}.
Our goal is to learn a function H(x) mapping input images
to compact binary codes bi = H(xi ), bi ∈ {0, 1}C , C stands
for the hash length. The hash function H(x) satisfies:
(1) bi and bj are similar in the Hamming space when li =
lj
(2) bi and bj are far away in the Hamming space when
li 6= lj
Figure 1 shows the proposed framework, we use CIFAR10 database to illustrate. Our framework contains a CNN
model as the main component. Normally the last layer of
CNN is a Softmax classification layer. We replace it with a
hash layer of C nodes for simultaneous learning of compact
binary codes and image features. Since the output layer of
CNN model has been changed, we need new output information to replace the labels. A target hash code generation component is proposed to generate optimal hash code for training.
Finally, the hash function H(x) is the trained model concatenated with a revised sgn function.
3.1. Target hash code generation
We replace the last layer of original CNN classification model
with a fully connected layer called hash layer which has C
nodes. We believe that the last layer contains the most compact information and hash code should be derived directly
from this layer. The key point is to design a good target hash

Algorithm 1 Optimal hash code generation
Input: binary code length C, number of categories K
Output: code set {m1 , m2 , ..., mK }, mi ∈ {0, 1}C satisfies
min(Hamming(mi , mj )) ≥ H
1: codeset.add(0)
2: for (i=1,2,...,2C − 1) do
3:
flag=0
4:
for j=codeset[0],codeset[1]... do
5:
if Hamming(i,j)<H then
6:
flag=1
7:
break
8:
if flag==0 then
9:
codeset.add(i)
10: return codeset
Repeat: Perform the algorithm with H = 1, 2, 3... until the
length of code set is larger than K. Choose K codewords
from the code set with largest H, that will be the target hash
code set.

code set for the training of the whole network. The target hash
code generation component is for this purpose.
Some models like [12] add a C-node latent layer before
the CNN’s last layer to generate hash codes. The good part
is that the label information can be directly used for training.
However, the learned weights after the latent layer become redundant. Furthermore, the target hash code generation component makes our learning a point-wise manner. We require
no pair-wise inputs like [9], and the training speed is much
faster.
Since the training images are in K categories, our target
is to find a binary code set with K codewords. The minimum
hamming distance between any two codewords should be as
large as possible. In a more specific way, given binary code
length C and codeword number K, we want to find a code
set M = {m1 , m2 , ..., mK }, mi ∈ {0, 1}C , whose minimum
Hamming distance is maximized. This optimization problem
can first be divided to smaller jobs: given code length C and
minimum Hamming distance H, find a code set with more
than K code words. After that, repeat this process with larger
H until no code set can be found. The last solvable H is the
maximized minimum Hamming distance. The whole process
is described in algorithm 1. Please note that this optimization
problem is a complicated problem with no fixed result. For
different C and H, the scale of code set may not be a certain
number [13]. We have proved that our algorithm is able to at
least find a second optimal solution. For example, consider a
24-bit code set for a 12-category dataset, the best solution is
a code set whose minimum Hamming distance is 13 bits. Our
algorithm will find one with the minimum Hamming distance
of 12 bits.
For instance, given code length C = 12 for a dataset with
K = 10 categories. With our algorithm, the minimum ham-

Table 1. Target 12-bit hash code set for a 10-category dataset
Label decimal code target hash code
1
0
000000000000
2
63
000000111111
3
455
000111000111
4
504
000111111000
5
1611
011001001011
6
1652
011001110100
7
1932
011110001100
8
1971
011110110011
9
2709
101010010101
10
2730
101010101010

ming distance H = 6 results in code set M with 16 codewords. We further try H = 7 and it results in a set with 4
codewords, which fails to meet our need. Then we randomly
choose 10 codewords from the former set M (C = 12, H =
6) and the target hash code is constructed as table 1 shows.
3.2. Learning hash function
With the label information L = {l1 , l2 , ..., lN } and target hash
code set M = {m1 , m2 , ..., mK }, we can construct our new
training set T with N training samples, xi is raw RGB value
of training images and mli is the target hash code:
T = {(x1 , ml1 ), (x2 , ml2 ), ..., (xN , mlN )}
CNN has the powerful ability to learn image features
through the concatenation of convolution layer and fully connected layer. Take CIFAR-10 training as an example, we
adopt a widely used simple CNN model for CIFAR-10 for
fast retrieval. As shown in figure 1, we use 32,32,64,64 3 × 3
convolution kernels for the convolution layers. 2×2 maxpooling and 25% dropout are added after 2nd and 4th convolution
layer. Following convolution layers are two fully connected
layers with 512 nodes and a 50% dropout after the first one.
All these layers are activated with ReLU function for adding
non-linearity. The hash layer is a fully connected layer with C
nodes, depending on the length of target hash code. For larger
C, the network can be trained to learn more features from the
input image and lead to better performance. Each node implies a hidden feature of the input image. SigmoidSfunction
ranges in (0, 1) and for most cases lies in (0, 0.1) (0.9, 1).
It is very suitable for indexing the output to binary codes.
Target hash code includes all the information needed to
learn features from images, so loss function need not specially
designed, simple mean squared error (MSE) loss function
works well. For training optimizer, we choose ADADELTA
for its good balance in speed and convergence point. Without
huge modifications on the CNN model, our proposed model
can learn a robust hush function fast in hundreds of training
epochs.

3.3. Image retrieval
Our trained network accepts an input image x in raw pixels
and gives an output y ∈ (0, 1)C . To convert output y to binary
hash codes h ∈ {0, 1}C , we redesign the sgn function:
(
1 if x > 0.5
sgn =
0 if x ≤ 0.5
Finally, we get our hash function:
H(x) = sgn(y) = h
where y is the output of our proposed model.
For image retrieval, we regard training images as image database and test images as query images. Image retrieval process searches top A most similar images from the
database. Three steps are performed to do the image retrieval.
Step 1. Map N training images to hash codes Hdb =
{H(x1 ), H(x2 ), ..., H(xN )} = {h1 , h2 , ..., hN }.
Step 2. For each query image xq , first calculate hq =
H(xq ), then retrieve A images by the rank of the Hamming
distance (hq , xi ).
Step 3. Compare the similarity of retrieved images and
the query image. Then evaluate the performance according to
the result.
4. EXPERIMENTS
In this part, we state our experiment settings and the compared results with several state-of-the-art hashing methods on
two widely-used datasets MNIST and CIFAR10. Please note
that pre-trained AlexNet architecture [14] could have more
powerful feature extraction because of deeper layers and more
kernels. However, CNN architecture is not the focus of our research, so we adopt relatively simple network for each dataset
for fast training and easy implementation.

Fig. 2. Top 12 retrieved images of two query image samples.
The dataset is CIFAR-10 and hash length is 24 bits. As shown
in the figure, the precision of high-rank retrieved images is
very high.
two unsupervised methods SH [5], ITQ [7], four supervised
methods KSH [2], MLH[6], BRE[8], and ITQ-CCA[7], and
CNN based deep hashing method CNNH[9] and its variant
CNNH+[9].
We follow the experiment configurations of [9] and derive results from the same resource. We randomly select 100
images per class and total 1000 images as test query images.
For the unsupervised methods, use all the rest images as training set. And for supervised methods include CNNH, CNNH+
and ours, select 5000 images (500 images per class) as the
training set.
To evaluate the performance of retrieval, we use Mean Average Precision (MAP). For each query image, we calculate
the average precision of retrieved images. MAP is the mean
value of these average precisions. Please note that, for each
query image, the correctness of high ranking retrieved image
counts more. The MAP result of our test is shown in table
2. We can find that our method outperforms other methods in
gray-scale image retrieval.

4.1. Results on MNIST
The MNIST dataset consists 70000 28 × 28 gray scale images
belonging to 10 categories of handwritten Arabic numerals
from 0 to 9.
For MNIST, we use 32,32 3 × 3 convolution kernels for
the convolution layers. 2×2 maxpooling and 25% dropout are
added after the 2nd convolution layer. Following convolution
layers are two fully connected layer with 128 nodes and a 50%
dropout after the first fully connected layer. The last layer
is the hash layer and the number of nodes is adjustable with
hash length. Training the model uses Adadelta optimizer with
mean squared error loss function. The whole training process
lasts around 120s for 100 epochs training on a GTX1060 6GB
graphic processing unit.
Our proposed method is compared to state-of-the-art
hashing methods including data independant method LSH [1],

4.2. Results on CIFAR-10
CIFAR-10 dataset consists of 60000 32×32 images belonging
to 10 categories including airplane, automobile, bird etc.The
layer information of CIFAR-10 implementation is stated in
section 3.2. The whole training process lasts around 2 hours
for 300 epochs training on a GTX1060 6GB graphic processing unit.
We compare our method with two more CNN based deep
hash methods DHN [15] and DNNH [16], and we also follow their experiment configuration. We randomly select 100
images per class as query set. For the unsupervised methods, use all the rest images as training set. For supervised
methods, 5000 images (500 images per class) are randomly
selected as the training set. Two images are considered to
be similar if they have the same label. The top 12 retrieved

Table 2. MAP of image retrieval on MNIST dataset with 4
different bit length. We use 1000 query images and calculate
the MAP within top 5000 returned neighbors.
MNIST(MAP)
Method
12bits 24bits 32bits 48bits
Ours
0.980 0.984 0.984 0.990
CNNH+
0.969 0.975 0.971 0.975
CNNH
0.957 0.963 0.956 0.960
KSH
0.872 0.891 0.897 0.900
ITQ-CCA 0.659 0.694 0.714 0.726
MLH
0.472 0.666 0.652 0.654
BRE
0.515 0.593 0.613 0.634
SH
0.265 0.267 0.259 0.250
ITQ
0.388 0.436 0.422 0.429
LSH
0.187 0.209 0.235 0.243

images of two query images are shown in figure 2 as an illustraion. The MAP results are in table 3. We can see that our
method is better than other methods including unsupervised
methods, supervised methods and deep methods with feature
learning.

Table 4. MAP of image retrieval on CIFAR-10 dataset with 4
different bit length. We use 10000 query images and calculate
the MAP within top 50000 returned neighbors.
CIFAR-10(MAP)
Method
16bits 24bits 32bits 48bits
Ours
0.822 0.821 0.833 0.862
DPSH
0.763 0.781 0.795 0.807
DRSCH
0.615 0.622 0.629 0.631
DSCH
0.609 0.613 0.617 0.620
DSRH
0.608 0.611 0.617 0.618

5. CONCLUSION
In this paper, we present a novel end-to-end hash learning
network. We first propose an algorithm to form an optimal
target hash code set with given bit length and number of categories. The network is redesigned based on CNN classification model. It is trained with raw images and generated
target hash codes. Our training can be carried out very fast
because of the point-wise training behavior. Experiment results on standard image retrieval benchmarks show that our
method outperforms the state-of-the-art.
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