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a b s t r a c t 

Hashing methods have been intensively studied and widely used in image retrieval. Hashing methods 

aim to learn a group of hash functions to map original data into compact binary codes and simultane- 

ously preserve some notion of similarity in the Hamming space. The generated binary codes are effective 

for image retrieval and highly efficient for large-scale data storage. The decision tree is a fast and inter- 

pretable model, but the current decision tree based hashing methods have insufficient learning ability due 

to the use of shallow decision trees. Most current deep hashing methods are based on deep neural net- 

works. However, considering the deficiencies of deep neural network-based hashing, such as the presence 

of too many hyperparameters, poor interpretability, and requirement for expensive and powerful compu- 

tational facilities during the training process, a non-deep neural network-based hashing model need to 

be designed to achieve efficient image retrieval with few hyperparameters, easy theoretical analysis and 

an efficient training process. The multi-grained cascade forest (gcForest) is a novel deep model that gen- 

erates a deep forest ensemble classifier to process data layer-by-layer with multi-grained scanning and a 

cascade forest. To date, gcForest has not been used to generate compact binary codes; therefore, we pro- 

pose a deep forest-based method for hashing learning that aims to learn shorter binary codes to achieve 

effective and efficient image retrieval. The experimental results show that the proposed method has bet- 

ter performance with shorter binary codes than other corresponding hashing methods. 

© 2019 Elsevier Ltd. All rights reserved. 
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1. Introduction 

The rapid development of information technology has substan-

tially increased the data accumulated in various fields, and the

age of big data has arrived. Determining how to quickly and ac-

curately search the data that users need in massive data has be-

come an urgent problem to be solved. Efficient retrieval on large-

scale data has become a popular research topic in academia and

industry. Hashing learning has attracted considerable attention in

recent years due to its excellent performance in processing high-

dimensional data. Our paper focuses on the deep hashing model

using deep forests as hash functions with considerably fewer hy-

perparameters, competitive performance and convincing theoretic

analysis. 

Hashing learning aims to transform every data item into a low-

dimensional representation, i.e., equivalently, a short code consist-

ing of a sequence of bits referred to as hash code [1,2] . Hashing

methods can be generally divided into two main categories: data-

independent hashing and data-dependent hashing [3–5] . The main

difference is that hash functions used by data-independent meth-
∗ Corresponding author. 
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ds are either manually designed or randomly generated, while

hose in data-dependent methods are automatically learned from

he data. The most representative data-independent hashing meth-

ds for image retrieval tasks are locality-sensitive hashing (LSH)

6] and its variants superbit LSH [7] , nonmetric LSH [8] , kernelized

 SH [9] and L SH with faster computation of the hash functions

10] . LSH uses a set of randomly generated hyperplanes that are

ampled from a Gaussian distribution, and then projects the origi-

al high-dimensional data onto the hyperplane, and finally thresh-

lds the projection results as the output of the hash functions. The

mergence of LSH greatly improves the efficiency of image retrieval

nd provides a new perspective for solving large-scale image re-

rieval. However, the hash functions in data-independent methods

epresented by LSH are randomly generated or manually specified,

rrespective of the distribution of the original data, so the accu-

acy of the algorithm increases slowly when the number of bits

ncreases. Therefore, it is difficult to obtain a stable retrieval result

n practical applications. Different from data-independent meth-

ds, the hash function for each code in data-dependent methods

s learned from the data, and has practical implications. 

Data-dependent methods seem to be the trend in current

esearch and applications. Spectral hashing (SH) [11] , a classic

ata-dependent hash method, uses a complete dataset from the

https://doi.org/10.1016/j.patcog.2019.06.005
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raining set to construct a complete graph with the similarity

Gaussian similarity) between all data samples as the weights of

he edges. Each hash function can be regarded as a cut of the

raph. Each corresponding cut satisfies the condition that the sum

f weights corresponding to the cut edge is the smallest, and the

hole complete graph is as evenly divided into two parts as possi-

le. This problem can be transformed into the classic normalized

ut problem in graph theory, and the hash codes are solved by

igning the eigenvectors corresponding to the minimum eigenval-

es of the Laplacian matrix. Data-dependent method can be fur-

her categorized as supervised and unsupervised hashing accord-

ng to the label information. Unsupervised hashing methods at-

empt to preserve the similarity in the original feature space and

upervised hashing methods aim to preserve the semantic similar-

ty. Examples of unsupervised methods include iterative quantiza-

ion (ITQ) [3] , isotropic hashing (IsoHash) [4] , discrete graph hash-

ng (DGH) [12] , and scalable graph hashing (SGH) [13] . Examples of

upervised methods include supervised hashing with kernels (KSH)

14] , two step hashing (TSH) [15] , fast supervised hashing (FastH)

16,17] , supervised discrete hashing (SDH) [18] and its fast version,

ast supervised discrete hashing (FSDH) [19] , supervised discrete

iscriminant hashing (SDDH) [20] , ranking-based supervised hash-

ng (RSH) [21] and discrete semantic ranking hashing (DSeRH) [22] .

uantization-based hashing (QBH) [23] is a general framework ap-

lied to both unsupervised and supervised hashing. 

In recent years, deep learning has achieved outstanding re-

ults in various fields, especially in speech recognition and com-

uter vision. Semantic hashing [24] is the first work using deep

earning; afterwards, many scholars considered the combination

f a hashing method and deep learning [25,26] , such as semi-

upervised deep learning hashing (DLH) [27] , network in network

ashing (NINH) [28] , convolutional neural network hashing (CNNH)

29] , similarity-adaptive deep hashing (SADH) [30] , deep semantic

anking-based hashing (DSRH) [31] , deep hashing based on classi-

cation and quantization errors (DHCQ) [32] , deep supervised dis-

rete hashing (DSDH) [33] and deep pairwise-supervised hashing

DPSH) [34] . DPSH utilizes the deep neural network to perform

imultaneous feature learning and hash code learning for appli-

ations with pairwise labels. Deep learning requires that to ad-

ress complicated learning tasks, it is likely that learning models

ust go deep [35] . Currently, the most popular deep model is the

eep neural network. Although the deep neural network is power-

ul, there are still some shortcomings. Deep neural networks need

arge-scale data for training. The training process usually requires

owerful computing devices. There are too many hyperparameters

o learn in deep neural networks. Finally, the performance depends

eavily on parameter tuning. Considering the new deep model,

cForest [35] and the shallow level decision tree used in exist-

ng tree-based and forest-based hashing methods, we propose a

eep hashing model using deep forests as hash functions. To the

est of our knowledge, this model represents a new deep hashing

ethod that is distinguished from deep hashing models based on

eep neural networks. The following contributions should be high-

ighted: 

• The proposed method considers three types of similarity met-

rics to preserve the semantic similarity and manifold similarity

among the data points in the Hamming space. 
• Different sized sliding windows are used to extract multi-

grained features from raw data. And the feature extraction

phase is dependent on the hash function learning stage, which

helps in learning better hash functions. 
• Compared with deep neural network-based hashing methods,

the proposed method has fewer hyperparameters, faster train-

ing speed and easier theoretical analysis. 
• The proposed method learns shorter binary code representa-

tions to achieve effective and efficient image retrieval. 

The rest of this paper is organized as follows. Section 2 includes

ome related works. Section 3 proposes our deep forest hashing

ethod. Section 4 gives an analysis about deep forest hashing.

ection 5 reports the experimental results. Section 6 concludes this

aper. 

. Related work 

.1. Tree-based and forest-based hashing 

FastH [16,17] , the first attempt to use decision trees as hash

unctions, adopts a two-step learning strategy, binary code infer-

nce and learning boosted trees as hash functions to quickly learn

ash codes based on supervised labels. ForestHash [36] embeds

iny convolutional neural networks (CNNs) into shallow random

orests in which random trees act as hash functions by assigning

he value of “1” to the visited tree leaf and “0” otherwise. Scalable

orest hashing [37] utilizes multiple tree structures to support scal-

ble coding. Each leaf node in the tree structure is encoded with a

inary bit stream. Scalable forest hashing improves the hashing ef-

cacy with balanced hash buckets by leveraging the tree structure

or hierarchical data partitioning. The decision trees or forests in

hese tree-based models are simple but shallow-level tree models.

he learning ability of these models may not be sufficient. 

.2. Deep forest 

To solve complex image retrieval tasks, the model should be

eep. Currently, the most widely used deep model is the deep neu-

al network. The multi-grained cascade forest, a novel deep model,

s a tree ensemble model containing two components, i.e., multi-

rained scanning and a cascade forest. Compared with the deep

eural network, gcForest has fewer hyperparameters and does not

equire fine-tuning. In contrast, hyperparameter tuning is difficult

or deep neural networks. The number of cascade layers is deter-

ined according to different tasks, enabling the complexity of the

odel to adapt to different scale data. Furthermore, gcForest ex-

loits two types of forests, i.e., random forest [38] and completely

andom tree forest [39] , which helps enhance diversity. To the best

f our knowledge, there is currently no work that use this deep

odel to generate hash codes. Motivated by this, we attempt to

xploit it for hashing learning in image retrieval tasks. 

.3. Deep hashing 

Most existing hashing methods are based on hand-crafted fea-

ures that are independent of the hash function learning proce-

ure, which may not be supportive for generating compact binary

odes. Deep hashing methods employ deep neural networks to re-

lize compatible feature learning with hash function learning. Our

ethod addresses this problem by applying the fine-grained scan-

ing component to extract multi-grained features, which is dis-

ussed in Section 3.1 . As previously mentioned, although the deep

eural network is powerful, it still has some deficiencies. 

. Deep forest hashing 

We believe that to address a complicated image retrieval task

sing hash codes, learned deep models are likely important and

nevitable. However, deep neural networks for hash codes require

 considerable amount of data to train. The deep neural networks

sed for hashing learning require expensive and powerful compu-

ational facilities during the training process and have too many
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Fig. 1. Illustration of the deep forest hashing structure, including multi-grained feature extraction, initial binary code inference and deep forest hash function learning. 
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hyperparameters. In addition, the internal structure is similar to

a black box, which is not interpretable. Deep forest hashing, a

novel deep model used for hashing learning, constructs an ensem-

ble structure to go deep adaptively and has fewer hyperparame-

ters. Using this model, theoretical analysis is easier due to the tree-

based structure. Moreover, this model can achieve effective and ef-

ficient image retrieval with learning shorter binary code represen-

tations. 

Inspired by TSH [15] and FastH [16,17] , we employ a two-stage

learning strategy to construct our deep hashing model named the

deep forest hashing model (DFH) using deep forests as hash func-

tions to obtain much fewer hyperparameters, competitive perfor-

mances and promised theoretic analysis. The overall architecture of

DFH is summarized in Fig. 1 . The training procedures of the DFH

model are described as follows. 

• First, extract the multi-grained features. Following the gcForest

classifier [35] , we scan the data in multi-grained sliding win-

dows to extract features. Then, we input the multi-grained fea-

tures to cascade forests to train hash functions. 
• Second, step-1: initial binary code inference. We construct

blocks according to the semantic similarity and compute the

manifold similarity as the edge weight to construct a weighted

graph. Then, in each block, we apply graph cut to generate a

one-bit binary code of all data points. 
• Third, step-2: deep forest hash function learning. We train cas-

cade forests as hash functions using the binary codes obtained

by graph cut as classification labels. The current binary bit is

updated by applying the learned hash function. 
• Finally, step-1 and step-2 are alternately performed until the

maximum bit number is reached. 

Suppose we have n data points (images) X = { x 1 , x 2 , . . . , x n } ⊂
 

D and their corresponding semantic labels y = { y 1 , y 2 , . . . , y n } . We

an construct an affinity matrix Y , the element y ij in Y denotes the

emantic relation between data point x i and data point x j . Data

oints from the same category of ground truth are defined seman-

ically similar relation, i.e., y i j = 1 , and a dissimilar relation, i.e.,

 i j = −1 , and if the pairwise relation is undefined, y i j = 0 . 

In this paper, three types of similarity metrics between data

oints, i.e., semantic similarity, manifold similarity and Hamming

imilarity, are adopted. The semantic similarity is directly de-

cribed by labels, which is the affinity matrix Y . 

Regarding the manifold similarity, we utilize a supervised man-

fold learning method to preserve the neighborhood Euclidean dis-

ance between the features of the neighboring data. We attempt to

reserve intraclass distance between the data points and maximize

he interclass distance; distance D ( x i , x j ) between the data points

an be computed: 

 (x i , x j ) = 

⎧ ⎨ 

⎩ 

√ 

1 − e 
−d 2 (x i ,x j ) 

β , y i = y j √ 

e 
d 2 (x i ,x j ) 

β − α, y i � = y j , 

(1)

here d ( x i , x j ) denotes the Euclidean distance between data point

 i and data point x j , and α and β are constants. Then, manifold

imilarity S M 

( x i , x j ) can be computed: 

 M 

(x i , x j ) = e 
−D 2 (x i ,x j ) 

τ , (2)
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here τ is a constant. As the values of the semantic similarity of

ata points are {−1 , 0 , 1 } , we scale S M 

( x i , x j ) to (−1 , 1) : 

 M,i j = −1 + 2 

S M 

( x i , x j ) − min ( S M 

( x i , x j )) 

max ( S M 

( x i , x j )) − min ( S M 

( x i , x j )) 
, (3)

here max ( S M 

( x i , x j )) and min ( S M 

( x i , x j )) denote the maximum

nd minimum value of S M 

( x i , x j ), respectively. We also use the

anifold similarity to construct a weighted graph, which will be

iscussed in Section 3.2 . 

Usually, the Hamming similarity is calculated by the inner prod-

ct of two binary codes: 

 H (x i , x j ) = 

k ∑ 

r=1 

h r (x i ) h r (x j ) . (4)

We aim to learn a set of hash functions H = { h 1 , h 2 , . . . , h k } by

apping the data points in the original space to Hamming space

 ⊂ {−1 , 1 } k and preserve both the semantic similarity and mani-

old similarity between the samples. We formulate hashing learn-

ng based on the three similarity, and the formulation of the loss

unction can be written as: 

in 

h r (•) 

n ∑ 

i =1 

n ∑ 

j=1 

∣∣y i j 

∣∣[ 

1 

2 

(y i j + S M,i j ) −
1 

k 

k ∑ 

r=1 

h r (x i ) h r (x j ) 

] 2 

, (5) 

here | y ij | is devised to prevent undefined pairwise relations from

nfluencing the hashing learning results. Notably, FastH does not

nclude the S M,ij . In contrast to FastH, we consider both semantic

imilarity and manifold similarity, which can not only help distin-

uish data points between different categories but also help distin-

uish data points that belong to the same category but have differ-

nt attributes. For example, if we consider only semantic similarity,

rucks and airplanes may be distinguished because they belong to

ifferent categories, but blue trucks and red ones are unlikely to

e distinguished because they have different colors although they

elong to the same category. We hope that data points with the

ame semantic label are still close when being mapped onto the

amming space and that data points with different semantic labels

re as far as possible. In addition, to achieve the purpose of hav-

ng data points with the same semantic label and similar attributes

loser in the Hamming space and data points with the same se-

antic label but different attributes not as close, we fully consider

he semantic similarity and manifold similarity. 

Optimizing directly for learning hash functions is difficult. Fol-

owing the idea in FastH [16,17] , we decompose the hashing learn-

ng into two parts: initial binary code inference and deep forest

ash function learning introducing auxiliary variables: 

 r,i = h r (x i ) . (6)

Clearly, z r,i represents the r-th bit of the binary code of the i-th

ata point. Using auxiliary variables, the problem can be decom-

osed into two subproblems: 

min 

∈ {−1 , 1 } k ×n 

n ∑ 

i =1 

n ∑ 

j=1 

∣∣y i j 

∣∣( 

1 

2 

(y i j + S M,i j ) −
1 

k 

k ∑ 

r=1 

z r,i z r, j 

) 2 

, (7a) 

in 

 r,i (•) 

m ∑ 

r=1 

n ∑ 

i =1 

δ( z r,i = h r (x i ) ) , (7b) 

Eq. (7a) and (7b) are the binary code inference problem and

inary classification problem, which is solved in Sections 3.2 and

.3 , respectively. 

.1. Multi-grained feature extraction 

Almost all existing non-deep neural network hashing methods

irectly use either raw data or hand-crafted features to learn hash
unctions. However, the feature extraction phase is independent

f the hash function learning stage in hand-crafted feature-based

ethods, suggesting that the hand-crafted features might not be

elpful in learning compact and efficient hash codes. Although

eep neural network-based hashing methods can extract the deep

eatures of raw data, we have shown the deficiencies of deep neu-

al networks. 

Here, we use multi-grained scanning, a component in gcForest,

o extract multi-grained features from raw data. We use the fol-

owing two types of forests for sliding window scanning: random

orest and completely random tree forest. Considering the exam-

le of the MNIST dataset of handwritten digits, each data point

s a grayscale image with a size of 28 × 28 pixels and 10 classes

f digits labeled from 0 to 9. Three scanning windows with sizes

f 7 × 7, 10 × 10, and 13 × 13 produce 121 instances of 7 × 7 pix-

ls, 100 instances of 10 × 10 pixels and 64 instances of 13 × 13

ixels. Processed by random forest and completely random tree

orest, each instance is transformed into a 10-dimensional feature

ector. Then, the feature vectors processed by each forest are re-

haped into 11 × 11, 10 × 10, and 8 × 8 feature matrixes with 10 lay-

rs. Subsequently, a pooling operation is conducted to preserve the

ain features and reduce the data dimensions. Finally, we obtain

 groups of features processed by two types of forest and scanned

y 3 sizes of windows. 

 (x i ) = { f RF, 7 ×7 (x i ) , f RF, 10 ×10 (x i ) , f RF, 13 ×13 (x i ) , 
f CF, 7 ×7 (x i ) , f CF, 10 ×10 (x i ) , f CF, 13 ×13 (x i ) } , (8) 

here f RF denotes the features generated by random forest, f CF 

enotes the features generated by completely random tree forest.

nd F denotes multi-grained feature groups. 

All features, i.e., 2 × 6 × 6 × 10 + 2 × 5 × 5 × 10 + 2 × 4 × 4 ×
0 = 1540 -dimensions, are utilized to train the cascade forest as

ash functions. We discuss the hash function learning occurring in

tep-2 in Section 3.3 . Thus, we finally obtain a group of features

hat are optimally compatible with the hash learning procedure.

he detailed procedure of the multi-grained feature extraction is

hown in Fig. 2 , and the hyperparameters of the multi-grained

canning layer and examples are shown in Table 1 . 

.2. Initial binary code inference 

Initial binary code inference aims to solve the binary code in-

erence problem in Eq. (7a) . In Eq. (7a) , we optimize a one-bit se-

uence at a time in terms of the preceding bits. When solving the

-th bit, the cost-loss in Eq. (7a) is written as: 

n ∑ 

i =1 

n ∑ 

j=1 

∣∣y i j 

∣∣( 

1 

2 

(y i j + S M,i j ) −
1 

r 

r ∑ 

p=1 

z p,i z p, j 

) 2 

= 

n ∑ 

i =1 

n ∑ 

j=1 

∣∣y i j 

∣∣[ 

1 

2 

(y i j + S M,i j ) −
1 

r 

( 

r−1 ∑ 

p=1 

z p,i z p, j + z r,i z r, j 

) ] 2 

= 

n ∑ 

i =1 

n ∑ 

j=1 

−2 

1 

r 

∣∣y i j 

∣∣( 

1 

2 

(y i j + S M,i j ) −
1 

r 

r−1 ∑ 

p=1 

z p,i z p, j 

) 

z r,i z r, j 

+ const. (9) 

We can rewrite the optimization of the r-th bit into a binary

uadratic problem: 

min 

 r ∈ {−1 , 1 } n 
n ∑ 

i =1 

n ∑ 

j=1 

a i j z r,i z r, j , (10a) 

a i j = −1 

r 

∣∣y i j 

∣∣( 

1 

2 

(y i j + S M,i j ) −
1 

r 

r−1 ∑ 

p=1 

z ∗p,i z 
∗
p, j 

) 

, (10b) 
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Fig. 2. Illustration of multi-grained feature extraction using sliding window scanning. In our model, we use three grains for scanning. The forest in the red box denotes the 

random forest and the forest in the blue box denotes the completely random tree forest. Here, we take the 28 × 28 pixel images in MNIST as an example. (For interpretation 

of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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where z ∗ denotes a binary code in preceding bits. 

When solving Eq. (10a) , we divide the data points into a few

blocks and optimize the corresponding variables in one block at a

time while conditioning the remaining of variables. Let B denote a

block of data points. The cost in Eq. (10a) can be rewritten as: 

n ∑ 

i =1 

n ∑ 

j=1 

a i j z r,i z r, j 

= 

∑ 

i ∈ B 

∑ 

j∈ B 
a i j z r,i z r, j + 

∑ 

i ∈ B 

∑ 

j / ∈ B 
a i j z r,i z r, j 

+ 

∑ 

i / ∈ B 

∑ 

j∈ B 
a i j z r,i z r, j + 

∑ 

i / ∈ B 

∑ 

j / ∈ B 
a i j z r,i z r, j . (11)

When optimizing one block, we set the variables that are not

involved in the target block to constants. Thus, the optimization of

one block can be written as: 

min 

z r,B ∈ {−1 , 1 } | B | 
∑ 

i ∈ B 

∑ 

j∈ B 
a i j z r,i z r, j + 2 

∑ 

i ∈ B 

∑ 

j / ∈ B 
a i j z r,i 

∧ 
z r, j , (12)

where 
∧ 
z r denotes a binary code of the r-th bit that is not involved

in the target block. Using the definition of a ij provided in Eq. (10b) ,

the optimization of one block can be written as: 

min 

z r ,B ∈ {−1 , 1 } | B | 
∑ 

i ∈ B 
u i z r,i + 

∑ 

i ∈ B 

∑ 

j∈ B 
v i j z r,i z r, j , (13a)
Table 1 

Configuration of multi-grained scanning. Take the 28 × 28 pixel images in MNI

Raw data Window size Stride Instances generated Random fores

7 × 7 121 � 

28 × 28 10 × 10 2 100 � 

13 × 13 64 � 
v i j = −1 

r 

∣∣y i j 

∣∣( 

1 

2 

(y i j + S M,i j ) −
1 

r 

r−1 ∑ 

p=1 

z ∗p,i z 
∗
p, j 

) 

, (13b)

 i = −2 

1 

r 

∑ 

j / ∈ B 

∧ 
z r, j 

∣∣y i j 

∣∣( 

1 

2 

(y i j + S M,i j ) −
1 

r 

r−1 ∑ 

p=1 

z ∗p,i z 
∗
p, j 

) 

, (13c)

here v ij and u i are constants. 

When solving Eq. (13a) , we can apply the fast and effective

raph cut algorithm; u i z r,i is a data term and v ij z r, i z r, j is a smooth-

ess term. When constructing the graph, the manifold similarity is

sed as the edge weight to construct a weighted graph. Manifold

imilarity is defined in the Eqs. (1) and (2) . We refer to this process

s manifold graph cut. 

The binary codes generated in step-1 are used as classification

abels to train the cascade forest as hash functions in step-2, as

hown in Fig. 3 . 

.3. Deep forest hash function learning 

In the second step, we solve the binary classification problem.

o generate compact binary code, we employ cascade forests as

ash functions to solve the classification problem: 

in 

h r (•) 

n ∑ 

i =1 

δ( z r,i = h r (F (x i )) ) , (14)

here z r,i denotes the binary codes generated in step-1, h r denotes

he cascade forest hash function and F denotes the multi-grained
ST as an example. 

t Completely random tree forest Reshape Pooling (average) 

(11,11,10) (6,6,10) 

� 

(10,10,10) (5,5,10) 

� 

(8,8,10) (4,4,10) 

� 



M. Zhou, X. Zeng and A. Chen / Pattern Recognition 95 (2019) 114–127 119 

Fig. 3. Illustration of the process for alternate performance of step-1 and step-2. 

The initial codes gained in step-1 are used as classification labels in step-2. The 

result of step-2 will update the binary codes in step-1. 
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eature groups extracted by multi-grained sliding windows. Instead

f using hand-crafted features or raw features, we use the multi-

rained features as input to train cascade forest hash functions.

nd the binary codes z r,i are used as supervised labels. 

The cascade forest employs a cascade structure in which each

ayer is an ensemble of decision tree forests. The cascade forest

tructure is illustrated in Fig. 4 . To encourage diversity, different

ypes of forests can be used as base classifiers. Considering the

ompletely random tree forest and random forest, the completely

andom tree forest randomly selects a feature for the split as each

ode of the tree, and the tree grows until each leaf node contains

nly the same class of instances; the random forest randomly se-

ects 
√ 

d numbers of features as candidates(d is the number of in-

ut features) and selects the one with the best Gini value for the

plit. In addition to the completely random tree forest and the ran-

om forest, we can replace the base classifiers with any other clas-

ifiers, such as XGBoost [40] , GBDT [41] and AdaBoost [42] , in the

ascade layers. 

Suppose that there are L layers in a cascade forest and T l forests

n each cascade layer. l denotes the index of the layer of the cas-

ade forest, and l = 1 , . . . , L . t denotes the index of the forest in

ach cascade layer, and t = 1 , . . . , T l . p t,l 
i,c 

denotes the probability of

lass c for data point x i produced by the t -th forest at the l -th cas-

ade layer. Notably, the class c corresponds to hash code {−1 , 1 }
nd p t,l 

i, 1 
+ p t,l 

i, −1 
= 1 . When training the cascade forest, the class dis-

ribution forms a class vector, which is then concatenated with the

eature vector to serve as input in the next level of the cascade.

herefore, the input vector X l at each cascade layer should be: 

 l = 

{
F (x i ) , l = 1 (
F (x i ) , p 

t,l 
i,c 

, t = 1 , . . . , T l 
)
, l ≥ 2 , 

(15) 
ig. 4. Illustration of the cascade forest structure. Here, two types of forests are included

n the blue box denotes the completely random tree forest. Any classifier can be used as a

n this figure legend, the reader is referred to the web version of this article.) 
here 
(
F (x i ) , p 

t,l 
i,c 

, t = 1 , . . . , T l 
)

denotes the concatenated feature 

ector and class vector. Thus, the training of each cascade layer is

upervised by the hash codes generated in step-1. At the final cas-

ade layer, the average value of the class probability distribution is

omputed: 

p a v e,L 
i,c 

= T −1 
L 

T L ∑ 

t=1 

p t,L 
i,c 

(16) 

he final predicted hash code is determined by the value of p a v e,L 
i,c 

:

 r,i = 

{
1 , p a v e,L 

i, 1 
> p a v e,L 

i, −1 

−1 , p a v e,L 
i, −1 

> p a v e,L 
i, 1 

. 
(17) 

We summarize the DFH model in Algorithm 1 . 

lgorithm 1 Deep forest hashing. 

nput: Training data points: { X 1 , X 2 , . . . , X n } ; Affinity matrix:

Y ; Bit length: k 

utput: Hash functions: H = h 1 , h 2 , . . . , h k 

1: Use different sized sliding windows to extract multi-

grained features. 

2: Construct blocks according to affinity matrix Y. 

3: for r= 1, …, k do 

4: Step-1: //initial binary code inference 

5: compute the manifold similarity in Eqs. (1) and (2)

as the edge weight to construct a weighted graph. 

6: apply graph cut on each block to obtain binary

codes of the r-th bit. 

7: Step-2: //deep forest hash function learning 

8: train the cascade forest to obtain the hash function

h r 

9: update the binary codes of the r-th bit by the out-

put of hash function h r 

10: end 
 in each layer. The forest in the red box denotes the random forest, and the forest 

 base classifier in the cascade layers. (For interpretation of the references to colour 
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4. Analysis 

In this section, we provide an analysis of the time complexity of

the DFH algorithm and the components of the multi-grained fea-

ture extraction, initial binary code inference and deep forest hash

function learning in the DFH model. 

4.1. Time complexity of DFH 

We analyze the time complexity of DFH during the training

phase and query phase. Suppose there are n data points in C

categories. Each data point has d dimensions. We use e -grained

( g 1 , g 2 , . . . , g e ) sliding windows to scan the data at a stride of s .

There are T s forests in the multi-grained scanning layer and N st 

trees in each forest. There are L layers in a cascade forest, T c forests

in each cascade layer, and N ct trees in each forest. In addition, the

length of the hash code is k . 

During the training phase, we first extract multi-grained fea-

tures of the data points. A sliding window with a size of g j × g j 

could produce ( 

√ 

d −g j +1 

s ) 2 instances. The time complexity of one-

grained scanning is O (T s ∗ N st ∗ g j 
2 ∗ ( 

√ 

d −g j +1 

s ) 2 ∗ log ( 

√ 

d −g j +1 

s ) 2 ) .

The time complexity of multi-grained scanning is O ( 
∑ e 

j=1 T s ∗

N st ∗ g j 
2 ∗ ( 

√ 

d −g j +1 

s ) 
2 

∗ log ( 

√ 

d −g j +1 

s ) 
2 

) . In step-1 of the initial bi-

nary code inference, we divide the data points into C blocks.

In each block, we construct a graph. The time complexity of

constructing a graph is O ( ( n C ) 
2 ) . The time complexity of con-

structing C blocks is O ( n 2 

C ) . In step-2 of the deep forest hash

function learning, the time complexity of building a decision

tree is O ( d ∗n ∗log ( n )). The time complexity of building a cas-

cade forest is O ( L ∗T c 
∗N ct 

∗d ∗n ∗log ( n )). The time complexity of

generating one-bit hash code is O ( n 
2 

C + L ∗ T c ∗ N ct ∗ d ∗ n ∗ log (n )) .

Therefore, the total time complexity of DFH during the train-

ing phase is O ( 
∑ e 

j=1 T s ∗ N st ∗ g j 
2 ∗ ( 

√ 

d −g j +1 

s ) 
2 

∗ log ( 

√ 

d −g j +1 

s ) 
2 

+ k ∗
( n 

2 

C + L ∗ T c ∗ N ct ∗ d ∗ n ∗ log (n ))) . 

During the query phase, we directly use cascade forests to map

the data points to hash codes. The time complexity of a decision

tree for classification is O ( n ∗log n ). Therefore, the time complexity

of the DFH during the query phase is O ( k ∗L ∗T c 
∗N ct 

∗n ∗log ( n )). 

4.2. Multi-grained feature extraction 

We use multi-grained feature extraction for three reasons. First,

instead of using hand-crafted features, DFH uses multi-grained

sliding windows to extract multi-grained features, which is de-

pendent on the hash function learning procedure, and the result-

ing features are optimally compatible with the hashing procedure.

Second, although convolutional neural networks can extract deep

features, which is dependent on hash function learning, we fo-

cus on tree-based and forest-based models in this paper because

of the deficiencies of deep neural networks previously discussed.

The multi-grained feature extraction is actually implemented by

a one level cascade forest with sliding features as input. Third,

multi-grained feature extraction, an important component in DFH,

helps significantly improve performance. To verify the importance

of multi-grained feature extraction, we designed a variant of DFH

called DFH-ca, which contains only cascade forests without multi-

grained scanning layers. DFH-ca is discussed in detail in the exper-

imental section. 

4.3. Initial binary code inference 

In step-1, i.e., initial binary code inference, we divide all data

points into several blocks to manage large-scale data. In each
lock, we use the graph cut algorithm to initialize one-bit code for

ll data points in the block. The graph cut algorithm is a typical

nd efficient solution to binary or multilabel assignment problems

n computer vision based on the max-flow or min-cut and requires

o continuous relaxation. The graph cut algorithm is mainly used

o minimize energy in the following form: 

(I) = 

∑ 

i 

ε u (I i ) + 

∑ 

(i, j) 

ε p (I i , I j ) , (18)

here I denotes the label of the data point in the block, e.g., -1 or

 in our model. εu is a data term that depends on a data point,

nd εp is a smoothness term that depends on two data points. As

hown in Eq. (13a) , the initial binary code inference is the energy

orm. 

In addition, we introduce a supervised manifold technique to

ompute the manifold similarity of the data as the edge weights

o construct a graph. Thus, we can not only preserve the similarity

f data points with the same label in the Hamming space but also

reserve the similarity of data points with shorter distances and

nlarge the difference of those with larger distances. 

.4. Deep forest hash function learning 

In step-2, i.e., deep forest hash function learning, we apply cas-

ade forests as hash functions. We will analyze this novel deep

odel from three perspectives: hyperparameter setting, diversity

nhancement and the reasons why to go deep. 

he flexible hyperparameter setting . The hyperparameters in the

ascade forests are very simple compared with those in deep

eural networks. The model most similar to DFH is FastH. Here,

e provide a brief comparison of the parameters of the boosted

ree (hash function in FastH), the convolutional neural network (a

ember of the deep neural network family) and the cascade forest

hash function in DFH) in Table 2 . 

he diversity in deep forest hash function . The cascade forest is

esigned to be a homogeneous ensemble model that combines the

ame type of base learners. A good ensemble model has two condi-

ions, i.e., good and different; thus, the base learners must be good

n precision, and diversity must exist between them. 

Random forests and completely random tree forests are used

n each cascade layer to encourage diversity in cascade forest. The

ase learners are also ensemble classifiers (ensemble of decision

rees), therefore a cascade forest is an ensemble of ensembles. A

andom forest randomly select 
√ 

d features, and then select the

est Gini value for the split, while a completely random tree forest

andomly selects a feature for the split. The two types of classifiers

nhance diversity in the ensemble model through different feature

ampling and split selection methods. 

enefits of deep models . To the best of our knowledge, deep

earning models are powerful due to the following three rea-

ons: layer-by-layer processing, feature transformation and suffi-

ient model complexity. 

First, regarding layer-by-layer processing, a cascade forest is a

odel with cascade structure in which each layer of the cascade

eceives feature information processed by its preceding layer and

utputs its processing results to the next layer. 

Second, regarding feature transformation, each forest in a cas-

ade layer generates an estimate of the class distribution by count-

ng the percentage of different classes of examples at the leaf node

here the concerned example falls into and then averages across

ll trees in the same forest. The class distribution forms a class

ector, which is then concatenated with the original vector as in-

ut to the next level of cascade. The concatenated vector is a re-

epresentation of the original input. Each layer can be considered
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Table 2 

Comparison of parameters in boosted tree (the hash function in FastH), convolutional neural network (the member 

of deep neural network family) and cascade forest (hash function in DFH). 

Boosted tree Convolutional neural network Cascade forest 

No. of trees Type of activation functions Type of forests: 

Tree depth Sigmoid, ReLU, tanh, linear, etc. Completely random tree forest, random forest, etc. 

Boosting iterations Architecture configurations: Forest in cascade: 

No. of hidden layers No. of forests 

No. of nodes in hidden layer No. of trees in each forest 

No. of feature maps Tree depth 

Kernel size 

Optimization configurations: 

Learning rate 

Dropout 

Momentum 

L1/L2 weight regularization penalty 

Weight initialization 

Batch size 

t  

t  

b  

a

 

a  

c  

i  

n  

i  

a  

c

 

f  

t  

a  

c  

I  

l

5

5

 

a  

N  

w  

a  

3  

g  

f  

n  

o  

i

 

h

 

m

 

 

M  

a  

m  

g  

(  

i  

c  

t  

g  

o  

s

 

i  

r  

w  

l  

c  

2  

i  

i

 

p  

o

5

 

h  

a  

n

 

s  

M  

l  

p  

i  

i  

1  

u  

n  
rained with supervised label information. Moreover, the represen-

ation learning ability of cascade forests can be further enhanced

y multi-grained scanning when the inputs have high dimension-

lity. 

Third, regarding sufficient model complexity, a cascade forest is

n ensemble of ensembles of decision tree forests. Thus, several

ascade layers exist in a cascade forest, and several forests exist

n each cascade layer, and several trees exist in each forest. The

umber of forests in each cascade layer and the number of trees

n each forest are main hyperparameters. The ensemble of trees

nd forests guarantees that a cascade forest has sufficient model

omplexity. 

Furthermore, instead of simply exploring deeper, the cascade

orest can adaptively determine its model complexity. Thus, during

he training phase, the training set is divided into a growing set

nd an estimating set. The growing set is used to grow the cas-

ade, and the estimating set is used to estimate the performance.

f growing a new layer does not improve performance, the cascade

ayers stop growing. 

. Experiments 

.1. Dataset and configuration 

We conduct a series of experiments to evaluate DFH in im-

ge retrieval tasks with three benchmarks: MNIST 1 , CIFAR-10 2 and

US-WIDE 3 . The MNIST dataset consists of 28 × 28 grayscale hand-

ritten digit images of 0 to 9 with 70 0 0 examples per class and

 total of 70,0 0 0 images. The CIFAR-10 dataset consists of 60,0 0 0

2 × 32 color images in 10 categories and 60 0 0 images per cate-

ory. The NUS-WIDE, a dataset of nearly 270,0 0 0 images collected

rom the real-world web, is a multilabel dataset. Each image is an-

otated with one or multiple labels from 81 categories. We use

nly the images associated with the 21 most frequent categories

n which, each label is associated with at least 50 0 0 images. 

The python implementation of our model DFH is available at

ttps://github.com/Jack- Chow- my/DFH . 

We compare our method with several hashing methods. These

ethods can be categorized into four classes: 

• Data-independent hashing: LSH [6] . 
• Unsupervised data-dependent hashing: SH [11] and ITQ [3] . 
• Supervised data-dependent hashing: FastH [16,17] and SDH

[18] . 
1 http://yann.lecun.com/exdb/mnist . 
2 http://www.cs.toronto.edu/ ∼kriz/cifar.html . 
3 http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm . 

f  

f  

t  

p  

i  
• Deep neural network-based hashing: CNNH [29] . 

Regarding the settings of the datasets, following [28,29,34] , in

NIST and CIFAR-10, we randomly select 10 0 0 images (10 0 im-

ges per category) as the query set. Regarding the unsupervised

ethods, we use the remaining images as training samples. Re-

arding the supervised methods, we randomly select 50 0 0 images

500 images per class) from the remaining images as the train-

ng set. In NUS-WIDE, we randomly select 2100 images from 21

ategories (100 images per category) as the query set. Regarding

he unsupervised methods, the rest images of the selected 21 cate-

ories are used as the training set. Regarding the supervised meth-

ds, we sample 10,500 images (500 images per class) from the 21

elected categories to form the training set. 

Regarding the non-deep hashing methods, we represent each

mage in MNIST by a 784-dimensional grayscale vector; we rep-

esent each image in CIFAR-10 by a 512-dimensional GIST vector;

e represent each image in NUS-WIDE by a 1134-dimensional low-

evel feature vector, including a 64-D color histogram, 144-D color

orrelogram, 73-D edge direction histogram, 128-D wavelet texture,

25-D blockwise color moments and 500-D SIFT features. Regard-

ng the deep hashing models, we use the raw images directly as

nput. 

As most existing hashing methods, we use the mean average

recision (MAP) to compare the performance of DFH with that of

ther methods. 

.2. Comparison results of image retrieval 

In this section, we compare DFH with four other classes of

ashing methods, including LSH, SH, ITQ, FastH and SDH, which

re non-deep hashing methods, and CNNH, which is a deep neural

etwork-based hashing method. 

The MAP results are shown in Tables 4 , 5 and 6 . DFH is ob-

erved to outperform CNNH, FastH, SDH, ITQ, SH and LSH on

NIST, CIFAR-10 and NUS-WIDE, especially FastH using a shallow

evel decision tree and CNNH using a deep convolutional network,

roving the effectiveness and efficiency of deep forest applications

n hashing. In our model, in MNIST, we use 2 forests with 20 trees

n each forest in a multi-grained scanning layer and 4 forests with

00 trees in each forest in a cascade forest layer. In CIFAR-10, we

se 2 forests with 20 trees in each forest in a multi-grained scan-

ing layer and 4 forests with 200 trees in each forest in a cascade

orest layer. In NUS-WIDE, we use 2 forests with 20 trees in each

orest in a multi-grained scanning layer and 4 forests with 400

rees in each forest in a cascade forest layer. The default hyper-

arameters in gcForest are 2 forests with 500 trees in each forest

n the multi-grained scanning layer and 8 forests with 500 trees in

https://github.com/Jack-Chow-my/DFH
http://yann.lecun.com/exdb/mnist
http://www.cs.toronto.edu/~kriz/cifar.html
http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
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Table 3 

Configuration of DFH on MNIST, CIFAR-10 and NUS-WIDE. 

Datasets MINIST CIFAR-10 NUS-WIDE 

{7 × 7} {8 × 8} {39 × 39} 

Window sizes {10 × 10} {11 × 11} {56 × 56} 

{13 × 13} {16 × 16} {79 × 79} 

Multi-grained Stride 2 2 2 

scanning No. of random forests 1 1 1 

No. of completely-random tree forests 1 1 1 

No. of trees in each forest 20 20 20 

Max depth 10 10 10 

No. of random forests 2 2 2 

Cascade forest No. of completely-random tree forests 2 2 2 

No. of trees in each forest 100 200 400 

Table 4 

MAP results of image retrieval on MNIST. 

Method MNIST(MAP) 

12-bits 24-bits 32-bits 48-bits 

Deep forest based hashing DFH(ours) 0.979 0.981 0.984 0.985 

Deep neural network-based hashing CNNH [29] 0.957 0.963 0.956 0.960 

Supervised data-dependent hashing 
FastH [16,17] 0.937 0.946 0.947 0.950 

SDH [18] 0.937 0.944 0.948 0.957 

Unsupervised data-dependent hashing 
ITQ [3] 0.388 0.436 0.422 0.429 

SH [11] 0.265 0.267 0.259 0.250 

Data-independent hashing LSH [6] 0.187 0.209 0.235 0.243 

Table 5 

MAP results of image retrieval on CIFAR-10. 

Method CIFAR-10(MAP) 

12-bits 24-bits 32-bits 48-bits 

Deep forest based hashing DFH(ours) 0.457 0.513 0.524 0.559 

Deep neural network-based hashing CNNH [29] 0.439 0.476 0.472 0.489 

Supervised data-dependent hashing 
FastH [16,17] 0.305 0.349 0.369 0.384 

SDH [18] 0.285 0.392 0.341 0.356 

Unsupervised data-dependent hashing 
ITQ [3] 0.162 0.169 0.172 0.175 

SH [11] 0.127 0.128 0.126 0.129 

Data-independent hashing LSH [6] 0.121 0.126 0.120 0.120 

Table 6 

MAP results of image retrieval on NUS-WIDE. 

Method NUS-WIDE(MAP) 

12-bits 24-bits 32-bits 48-bits 

Deep forest based hashing DFH(ours) 0.622 0.659 0.674 0.695 

Deep neural network-based hashing CNNH [29] 0.611 0.618 0.625 0.608 

Supervised data-dependent hashing 
FastH [16,17] 0.621 0.650 0.665 0.687 

SDH [18] 0.568 0.600 0.608 0.637 

Unsupervised data-dependent hashing 
ITQ [3] 0.452 0.468 0.472 0.477 

SH [11] 0.454 0.406 0.405 0.400 

Data-independent hashing LSH [6] 0.403 0.421 0.426 0.441 
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each forest in the cascade forest layer. The hyperparameter settings

are shown in Table 3 . 

Here, DFH, CNNH and FastH are similar models. CNNH adopts a

convolutional neural network to perform hashing, and FastH em-

ploys boosted trees as hash functions. Both DFH and CNNH are

deep models. Both DFH and FastH are tree-based models. On the

one hand, a deep model can address complex learning tasks; on

the other hand, deep models are apt to have many hyperparam-

eters. Tree-based models usually have fewer hyperparameters and

require less training time. The similarities and differences among

DFH, CNNH and FastH are shown in Table 7 . 

In addition, DFH can achieve a relatively good performance with

a very short hash code as follows: the MAP of DFH with 12-bits

can reach 0.979 in MNIST, 0.457 in CIFAR-10 and 0.622 in NUS-

IDE, which is very important for storage cost and retrieval speed.
oreover, the number of forests and trees are much lower than the

efault settings in gcForest. 

.3. Influence of multi-grained feature extraction 

The multi-grained scanning in DFH helps extract multi-grained

eatures from the raw data. To verify the importance of the multi-

rained feature extraction, we designed a variant of DFH called

FH-ca, which contains only cascade forests without multi-grained

canning layers. For simplicity, we use 2 forests with 20 trees in

ach forest in a multi-grained scanning layer in DFH and DFH-ca

n all three datasets. In MNIST, we use 4 forests with 100 trees in

ach forest in a cascade forest layer in DFH and DFH-ca. In CIFAR-

0, we use 4 forests with 200 trees in each forest in a cascade for-

st layer in DFH and DFH-ca. In NUS-WIDE, we use 4 forests with
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Table 7 

The similarities and differences of DFH, CNNH and FastH. 

Fast training speed Fewer hyperparameters Deep model Interpretability 

DFH(ours) � � � � 

CNNH � 

FastH � � � 

Table 8 

Configuration of DFH and DFH-ca on MNIST, CIFAR-10 and NUS-WDIE. 

Datasets MNIST CIFAR-10 NUS-WIDE 

Methods DFH DFH-ca DFH DFH-ca DFH DFH-ca 

Window sizes {7 × 7} {8 × 8} {39 × 39} 

{10 × 10} {11 × 11} {56 × 56} 

{13 × 13} {16 × 16} {79 × 79} 

Multi-grained scanning Stride 2 None 2 None 2 None 

No. of random forests 1 1 1 

No. of completely random tree forests 1 1 1 

No. of trees in each forest 20 20 20 

Max depth 10 10 10 

No. of random forests 2 2 2 2 2 2 

Cascade forest No. of completely random tree forests 2 2 2 2 2 2 

No. of trees in each forest 100 100 200 200 400 400 

Table 9 

MAP results of DFH, DFH-ca and CNNH on MNIST, 

CIFAR-10 and NUS-WDIE. 

12-bits 24-bits 32-bits 48-bits 

MNIST 

DFH-ca 0.884 0.961 0.964 0.972 

CNNH 0.957 0.963 0.956 0.960 

DFH 0.979 0.981 0.984 0.985 

CIFAR-10 

DFH-ca 0.412 0.465 0.491 0.520 

CNNH 0.439 0.476 0.472 0.489 

DFH 0.457 0.513 0.524 0.559 

NUS-WIDE 

DFH-ca 0.567 0.579 0.586 0.597 

CNNH 0.623 0.657 0.672 0.608 

DFH 0.622 0.659 0.674 0.695 
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00 trees in each forest in a cascade forest layer in DFH and DFH-

a. The hyperparameter settings are shown in Table 8 , and the MAP

esults of MNIST, CIFAR-10 and NUS-WIDE are shown in Table 9 . 

Clearly, the multi-grained feature extraction stage significantly

elps improve performance. In all three datasets, the MAP results

f DFH are higher than those of DFH-ca. In addition to the compar-

son between DFH and DFH-ca, we include CNNH to verify the con-

ributions of the multi-grained feature extraction to DFH. In MNIST

nd CIFAR-10, the MAP results of both DFH and CNNH with 12-bits

nd 24-bits hash codes are higher than those of DFH-ca, and the

erformance of DFH is higher than that of CNNH, suggesting that

ith the help of multi-grained feature extraction, DFH is superior

o CNNH. In NUS-WIDE, the influence of the multi-grained feature

xtraction is more prominent. The MAP results of CNNH are higher

han those of DFH-ca, but the results of DFH are higher than those

f CNNH. 

.4. More forests and trees 

In contrast to deep neural network-based hashing, DFH has

ewer hyperparameters. The number of forests in each cascade

ayer and the number of trees in each forest are the main hyperpa-

ameters in DFH. To verify the influence of the number of forests

nd trees, three DFH models with higher hyperparameters called

FH_tree + (DFH with more trees), DFH_forest + (DFH with more
orests), and DFH ++ (DFH with more trees and forests) are de-

igned. For simplicity, we use 2 forests with 20 trees in each forest

n the multi-grained scanning layer in all four models. In DFH, we

se 4 forests with 20 trees in each forest in a cascade forest layer.

n DFH_tree + , we use 4 forests with 100 trees in each forest in a

ascade forest layer. In DFH_forest + , we use 8 forests with 20 trees

n each forest in a cascade forest layer. In DFH ++ , we use 8 forests

ith 100 trees in each forest in a cascade forest layer. The hyper-

arameter settings are shown in Table 10 , and the MAP results of

NIST, CIFAR-10 and NUS-WIDE are shown in Table 11 . 

Evidently, more forests and more trees improve the learning

bility of DFH, and increasing only the number of trees appears

o be more effective than increasing only the number of forests.

urthermore, the hyperparameter settings are very flexible, which

s not as difficult in deep neural network-based hashing methods. 

.5. Different base classifiers 

Because of the new API offered by gcForest [35] , we can change

he base classifiers in each cascade layer. We consider XGBoost

40] , GBDT [41] , AdaBoost [42] , random forest [38] and completely

andom tree forests [39] as the base classifiers in DFH. These clas-

ifiers are widely employed in industry and various data science

ompetitions. Any classifier can be added to the cascade forest lay-

rs to construct a deep ensemble model. Users can choose differ-

nt base classifiers according to their tasks and computing devices.

or simplicity, we use only 20 trees in each forest for each base

lassifier. The configuration of DFH with different base classifiers

s shown in Table 12 . 

Considering that the completely random tree forest randomly

elects a feature for the split, which can help encourage the gen-

ralization of the model, we combine the completely random tree

orest with other classifiers to build the cascade layer. The MAP re-

ults of DFH with different base classifiers in MNIST, CIFAR-10 and

US-WIDE are summarized in Table 13 and Figs. 5 , 6 and 7 

In this experiment, we further verify the flexible settings of

FH; however, we do not attempt to determine which classifier

orks best, which is beyond the scope of this paper. Considering

he scale of the image dataset to be retrieved, the computational

esources available and the training time requirements, the differ-

nt base classifiers and number of base classifiers are determined.

he base classifiers we use are all tree-based models, but users can



124 M. Zhou, X. Zeng and A. Chen / Pattern Recognition 95 (2019) 114–127 

Table 10 

Configuration of DFH, DFH_tree + , DFH_forest + and DFH ++ on MNIST, CIFAR-10 and NUS-WIDE. 

DFH DFH_tree + DFH_forest + DFH ++ 

MNIST: {7 × 7, 10 × 10, 13 × 13} 

Window sizes CIFAR-10: {8 × 8, 11 × 11, 16 × 16} 

NUS-WIDE: {39 × 39, 56 × 56, 79 × 79} 

Multi-grained Stride 2 2 2 2 

scanning No. random forests 1 1 1 1 

No. completely-random tree forests 1 1 1 1 

No. trees in each forests 20 20 20 20 

Max depth 10 10 10 10 

No. random forests 2 2 4 4 

Cascade forest No. completely-random tree forests 2 2 4 4 

No. trees in each forest 20 100 20 100 

Table 11 

The MAP results of DFH, DFH_tree + , DFH_forest + and 

DFH ++ on MNIST, CIFAR-10 and NUS-WIDE. 

12-bits 24-bits 32-bits 48-bits 

MNIST 

DFH 0.913 0.978 0.982 0.982 

DFH_tree + 0.979 0.981 0.984 0.985 

DFH_forest + 0.975 0.981 0.982 0.984 

DFH ++ 0.980 0.983 0.984 0.985 

CIFAR-10 

DFH 0.450 0.495 0.505 0.511 

DFH_tree + 0.452 0.499 0.513 0.547 

DFH_forest + 0.451 0.497 0.510 0.536 

DFH ++ 0.456 0.504 0.521 0.550 

NUS-WIDE 

DFH 0.483 0.580 0.580 0.591 

DFH_tree + 0.542 0.586 0.592 0.621 

DFH_forest + 0.534 0.583 0.589 0.614 

DFH ++ 0.547 0.590 0.595 0.632 

 

 

 

 

 

 

 

Table 13 

MAP results of DFH with different base classifiers on MNIST, 

CIFAR-10 and NUS-WIDE. 

12-bits 24-bits 32-bits 48-bits 

MNIST 

DFH(RF) 0.913 0.978 0.982 0.982 

DFH(GBDT) 0.900 0.979 0.981 0.982 

DFH(XGBoost) 0.911 0.979 0.982 0.983 

DFH(AdaBoost) 0.900 0.978 0.982 0.981 

CIFAR-10 

DFH(RF) 0.450 0.495 0.505 0.511 

DFH(GBDT) 0.449 0.489 0.491 0.518 

DFH(XGBoost) 0.468 0.516 0.502 0.523 

DFH(AdaBoost) 0.4 4 4 0.479 0.485 0.529 

NUS-WIDE 

DFH(RF) 0.483 0.580 0.580 0.591 

DFH(GBDT) 0.478 0.548 0.536 0.543 

DFH(XGBoost) 0.489 0.491 0.521 0.588 

DFH(AdaBoost) 0.493 0.495 0.498 0.579 
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4 http://archive.ics.uci.edu/ml/machine- learning- databases/letter- recognition/ 

letter-recognition.data . 
5 http://archive.ics.uci.edu/ml/machine- learning- databases/yeast/yeast.data . 
attempt to use other base classifiers, such as SVM, SGD classifier

and logistic regression. 

5.6. More bits 

We increase the length of the hash codes to 128 bits for image

retrieval tasks on MNIST, CIFAR-10 and NUS-WIDE. We adopt the

same configuration as the DFH in Section 5.2 . The hyperparame-

ter settings are shown in Table 3 . The MAP results are shown in

Table 14 . 

The results show that DFH can be trained with a longer bit

length, and the complexity is only linearly increased with the bit

length. 
Table 12 

Configuration of DFH with different base classifiers on MNIS

Multi-grained scanning 

MNIST: {7 × 7, 10 × 10, 

Window sizes CIFAR-10: {8 × 8, 11 × 1

NUS-WIDE: {39 × 39, 5

Stride 2 Poolin

No. of random forests 1 No. o

No. of trees in each forest 20 Max d

Cascade forest (with the completely random t

Base classifier No. of forests Max d

XGBoost 2 5 

GBDT 2 5 

AdaBoost 2 –

Random forest 2 null 

Completely random tree forest 2 null 
.7. More experiments using other types of datasets 

We include 2 other different datasets to conduct experiments.

e validate our DFH model using UCI-datasets, LETTER 

4 and

EAST 5 . LETTER consists of 16,0 0 0 training data points and 40 0 0

est data points with 16-dimensional features. YEAST consists

f 1038 training data points and 446 test data points with 8-

imensional features. Considering the small number of features

f the two datasets, the multi-grained feature extraction is aban-

oned. The hyperparameter settings are shown in Table 15 , and the

AP results are shown in Table 16 . The results show that DFH can
T, CIFAR-10 and NUS-WDIE. 

13 × 13} 

1, 16 × 16} 

6 × 56, 79 × 79} 

g method average 

f completely random tree forests 1 

epth 10 

ree forest as one of the base classifiers) 

epth No. of trees in each forest Learning rate 

20 0.1 

20 0.1 

20 –

20 –

20 –

http://archive.ics.uci.edu/ml/machine-learning-databases/letter-recognition/letter-recognition.data
http://archive.ics.uci.edu/ml/machine-learning-databases/yeast/yeast.data
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Fig. 5. Results of DFH with different base classifiers on MNIST dataset. The MAP results of DFH with different base classifiers are very close on the first few bits; we show 

the results of the last few bits in (b). 

Fig. 6. Results of DFH with different base classifiers on CIFAR-10 dataset. 

Fig. 7. Results of DFH with different base classifiers on NUS-WIDE dataset. 
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Table 14 

MAP results of DFH with more bits on MNIST, CIFAR-10 

and NUS-WDIE. 

Bits MNIST CIFAR-10 NUS-WIDE 

56-bits 0.985 0.561 0.697 

64-bits 0.984 0.565 0.699 

DFH 72-bits 0.984 0.563 0.697 

96-bits 0.985 0.571 0.706 

128-bits 0.985 0.573 0.712 

Table 15 

Configuration of DFH on LETTER and YEAST. 

No. random forests 2 

Cascade forest No. completely-random tree forests 2 

No. trees in each forest 100 

Table 16 

MAP results of DFH on LETTER and YEAST. 

Bits 12-bits 24-bits 32-bits 48-bits 

LETTER 0.670 0.908 0.932 0.942 

YEAST 0.577 0.617 0.640 0.643 
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be efficiently extended to other types of datasets for information

retrieval. 

6. Conclusion 

In this work, we propose deep forest hashing (DFH) to learn

shorter binary code representations to realize effective and effi-

cient image retrieval. It is a two-stage hashing method by ini-

tial binary code inference and deep forest hash function learning.

We consider three types of similarity metrics in our hash learn-

ing formulation to preserve the semantic similarity and manifold

similarity of the data points in the Hamming space. We utilize

a supervised manifold method to compute the manifold similar-

ity of the data points. Compared with deep neural network-based

hashing methods, DFH has fewer hyperparameters, faster training

speed and easier theoretical analysis. Compared with other existing

tree-based and forest-based hashing methods, the DFH model has

deeper cascade construction that leads to higher model complex-

ity and superior learning ability, which is verified experimentally.

Compared with other non-deep neural network hashing methods,

DFH extracts multi-grained features from the raw data, and the

feature extraction phase is dependent on the hash function learn-

ing stage, which helps learn better hash functions. The experi-

ments based on three benchmarks demonstrate that DFH obtains

superior results over the comparison hashing methods and that

DFH has very flexible hyperparameter and base classifier setting.

To the best of our knowledge, DFH is the first hashing approach in

image retrieval using the deep forest. We apply a two-step learning

strategy and bitwise optimization for hashing, indicating that each

hash function (cascade forest) generates a one-bit hash code for all

data points. As the length of the hash code increases, the capacity

of the model becomes too large. The design of a deep forest that

can simultaneously learn image representation and cascade forest

could further improve our deep forest hashing method. In addition,

a one-step learning strategy may be applied to learn one cascade

forest to generate all bits of hash codes for all data points. There-

fore, the length of the hash codes may be adaptively determined

without presetting when expanding a new cascade layer but with-

out a significant performance gain. 
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