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a b s t r a c t
Scene character recognition remains a challenging task due to many interference factors. Considering that
characters are composed of a series of parts arranged in certain structures, in this paper, we propose
a novel representation termed multi-order co-occurrence activations (MCA) encoded with Fisher Vector
(FV), namely MCA-FV. It implicitly models the co-occurrence information of discriminative character parts
at different orders to boost the recognition performance. We ﬁrst extract convolutional activations as
local descriptors of character parts from convolutional neural networks (CNNs). Then, we introduce MCA
features to capture the multi-order co-occurrence cues among different discriminative character parts.
Finally, we apply FV to encode co-occurrence features of each order and obtain a global representation
of MCA-FV. The proposed method is evaluated on four scene character datasets including English and
Chinese datasets. Experiment results demonstrate the effectiveness of the proposed method for scene
character recognition.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Text is an important carrier to express human thoughts and
provides reliable information in our daily life. With the rapid development in large image collections derived from digital cameras, automatically extracting text information from images has received increasing attention due to urgent vision applications demand, such as license plates recognition, safe driving and automatic sign recognition [14,20], etc.
Many algorithms are proposed to deal with scene text recognition [2,23,36], which generally contains three crucial steps of character localization, character recognition and post-processing. Although characters are well located or the ﬁnal text recognition result could be further improved by using some lexicon based [35]
or language prior based post-processing [12,13,23], considering the
fact that characters are the basic units of texts, accurately recognizing characters is the important element to the ﬁnal text recognition result. In this paper, we focus on recognizing scene characters.
Many works [16,28,29,33,34] have achieved considerable
progress in scene character recognition ﬁeld. However, scene
∗
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character recognition is still a challenging task due to the fact that
characters are presented with large intra-class variations caused
by numerous factors, such as different fonts, local distortion,
non-uniform illumination, blur, noise and complex background,
etc.
Most published approaches on scene text or character recognition viewed scene character as a special object. These approaches
directly extracted features from the original image and then fed
these features into a classiﬁer to obtain the recognition result.
Many of these existing methods [5,28,29,34] extracted hand-crafted
features to represent characters. Tian et al. [28,29] employed cooccurrence HOG to recognize scene characters, which encoded spatial contextual information by capturing the co-occurrence of orientation pairs of neighboring pixels. Su and Lu [27,37] partitioned
the word image into patches with sliding windows and extracted
HOG feature for each patch, then employed recurrent neural network (RNN) model to recognize words. Although Su and Lu [27,37]
used deep learning technique for word recognition, hand-crafted
HOG feature was adopted to represent candidate character. Besides, part based methods [10,15,23,36] obtained signiﬁcant performances with intrinsic character part information for scene character recognition. Part based methods designed part models for
characters and extracted features from part regions. Shi et al. [23]
introduced a part-based tree-structured model by manually labeling the structures of characters and the parts of each character
class. Neumann and Matas [15] used oriented bar ﬁlters to model
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Fig. 1. The ﬂowchart of the proposed method for scene character recognition. (a) Training CNN. (b) Extracting the top three maximum activations from the trained CNN.
(c) Obtaining multi-order activations. (d) Constructing MCA. Note that, in order to brieﬂy view the process, we only use 3 convolutional maps and i denotes the index of
convolutional map. Squares represent the ﬁrst three strongest activations in the map they belong to. Circles represent the activations in other maps, which are located at
the same positions of these ﬁrst three strongest activations. The intensity of the color indicates the strength of the response. Pooling strategies include sum pooling and
max pooling. We only conduct the pooling and concatenation strategies for 1st-order MCA for simplicity. (e) Learning GMM parameters for MCA in the training process. (f)
Generating MCA-FV features.

character parts. However, these methods represented parts by
adopting hand-crafted features. Although these methods using
hand-crafted features to recognize scene characters have achieved
acceptable performances, the recognition accuracies are still far
from satisfactory due to the insuﬃcient discrimination ability of
these features.
Recently, some researchers resorted to convolutional neural networks (CNNs) [8,35] for scene character recognition. CNNs based
methods achieved appealing performances on character recognition, but they were mostly restricted to obtain the recognition
results from the fully connected layers rather than the convolutional layers which carried more spatial structure information than
the fully connected layers. Therefore, there appears an emerging
trend toward using convolutional layers to obtain image representations in computer vision ﬁeld, e.g., the works [1,3,21,22,30]. The
work [21,22] combined a CNN model and RNN model to construct
an end-to-end system for scene text recognition. Both the methods concatenated the output of convolutional maps directly to obtain a sequence to feed into a RNN model. Overall, existing methods based on convolutional layer features generate global representations by the following approaches: (1) involve all convolutional descriptors including background noise; (2) simply concatenate convolutional maps; (3) select the maximum activation and
ignore other salient activations.
Inspired by the above analysis, we propose a novel representation, multi-order co-occurrence activations encoded with Fisher
Vector (MCA-FV), to boost the discriminative power of the character parts. The ﬂowchart of the proposed method is shown in Fig. 1.
We ﬁrst train CNN for scene character recognition and then extract
activations from the convolutional layers of CNN for a given input. Convolutional activations can be considered as character part
features and retain rich part structure information, which is especially meaningful for character recognition. In addition, we organize multi-order co-occurrence activations (MCA) features to effectively capture the rich co-occurrence information among discriminative character parts at multiple orders. We extract the top three
maximum local activation descriptors from all convolutional maps
to guarantee the saliency and diversity of parts. In fact, some descriptors are repeatedly selected and some are not being selected,
which is equivalent to increase the weights of the repetitive descriptors and decrease the weights of the unselected descriptors in
the following encoding process. The phenomenon can be regarded
as that we assign different weights for different descriptors. Furthermore, we utilize Fisher Vector (FV) to encode each order cooccurrence activations and aggregate these encoded features to derive the global representation of MCA-FV. Finally, an SVM classiﬁer

with linear kernel [6] is adopted to obtain the recognition result
using MCA-FV. Experimental results demonstrate the effectiveness
of the proposed method for multilingual scene character recognition. The major advantages of the proposed method lie in that: (1)
we use convolutional features to learn more discriminative representation compared with hand-crafted features; (2) we employ
MCA to capture multi-order co-occurrence information among different character parts; (3) FV encoding strategy is adopted for MCA
to obtain a powerful character representation.
The remainder of the paper is organized as follows. We introduce the proposed method in Section 2. The concrete experiments
is presented in Section 3. We draw the conclusion in Section 4 .
2. The proposed method
In this section, we introduce the proposed method in detail.
We ﬁrst review the background knowledge of convolutional activations. Then, we describe MCA feature. Finally, we use FV to encode
MCA to obtain a global representation for a scene character image.
2.1. Convolutional activations
The convolutional layers operate in the sliding-window manner to generate convolutional maps, which involve not only the responses of the activations, but also their spatial positions. In order
to make full of the spatial structure information, we extract activations from the convolutional layers rather than the fully connected
layers.
The convolutional maps can be regarded as a tensor of size
H × W × C, which contains C feature maps with height H and width
W. The feature map of a convolutional layer can be viewed as the
detection score obtained by applying a detector, namely the ﬁlter of a convolutional layer, on H × W spatial locations. The activation value at the certain location of a convolutional map characterizes the detector response. With this analogy, we can obtain
an intuitive understanding of convolutional activations. It is that
the highly activated locations exhibit the salient visual patterns.
Moreover, each activation of the feature map corresponds to an image part and the layout of activations reﬂects the spatial structure
of these parts, which contributes to modeling character parts and
their arrangements.
We train CNN for scene character recognition and the network
architecture is shown in Fig. 2. Considering that the deeper convolutional layer is usually selective to visual patterns corresponding
to a shape or an object part compared with the shallower convolutional layer, we extract the activations of conv_2 (after applying
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feature descriptor:

di (u, v ) = [r1 (u, v ), r2 (u, v ), . . . , rC (u, v )].

(1)

We implement the same operation for all the C convolutional maps
and get C C-dimensional feature descriptors which are denoted as
the 0th-order co-occurrence activations. We use L2 normalization
for the extracted 0th-order co-occurrence:

di (u, v ) =
Fig. 2. The architecture of CNN model for scene character recognition. Maxout is
introduced in [7].

Fig. 3. Visualization of the corresponding relationship between the original character parts and activations. In order to brieﬂy view the correspondence, we resize
all feature maps into the same size of the input and only indicate the strongest
activations and their corresponding positions in the original character images.

di (u, v )
di (u, v )2

(2)

The 1st-order co-occurrence activations. Given the strongest
response ri (u, v), we then select the second strongest response
ri (u , v ) in the ith map. Here, (u , v ) denotes the coordinate position of the second strongest response in this map. We propose
to use the ﬁrst two strongest responses to incorporate the cooccurrence information of two different salient parts into the feature representation. We extract all the activation responses of the
position (u , v ) from all the C convolutional maps to get a Cdimensional feature descriptor di (u , v ) of the second strongest response. Here we can adopt sum pooling, max pooling or concatenation strategies to tackle the two C-dimension feature descriptors
di (u, v) and di (u , v ) for the ith map.
Sum Pooling:

τi = di (u, v ) + di (u , v ).

(3)

Max Pooling:
the ReLU) in our method. Assuming that the size of the input image is 24 × 24, the size of activation maps of conv_2 is 8 × 8 × 128.
An example of the correspondence between the original character
parts and activations is shown in Fig. 3. As we can see, the activations from different positions of feature maps represent diverse
parts and retain spatial structure of these character parts.
2.2. Multi-order co-occurrence activations
We deﬁne the convolutional maps as a tensor T in which each
activation response describes a local part of the character image
and its intensity value indicates the saliency conﬁdence. Intuitively,
the highly active responses of a certain convolutional map represent the salient parts. In order to enhance the part information, we
extract the activation responses from all the convolutional maps at
the same position to represent the part. Thus we can obtain a Cdimensional vector as the local descriptor. We retain the strongest
response of each convolutional map to construct the 0th-order cooccurrence activations.
Besides, considering that characters consist of a series of parts
arranged in speciﬁc structures, a clique of strong responses can
provide important co-occurrence cues of the character parts. Thus,
we extract a group of stronger responses, i.e., the ﬁrst three
strongest responses, to obtain the 1st-order and the 2nd-order cooccurrence activations by exploring co-occurrence cues of different
salient parts. In order to boost the discriminative power of convolutional activations, we combine the 0th-order, the 1st-order and
the 2nd-order co-occurrence activations to generate multi-order
co-occurrence activations (MCA). The process of obtaining MCA is
brieﬂy illustrated in Fig. 1(b)–(d).
The 0th-order co-occurrence activations. Concretely, in the ith
convolutional map of the tensor T, we choose the strongest response ri (u, v) among all the H × W activations. Here, (u, v) denotes
the coordinate position of the strongest response in this map. We
extract all the activation responses of the position (u, v) from all
the C convolutional maps and arrange these responses according to
the sequence of convolutional maps to generate the local descriptor of character part. In consequence, we obtain a C-dimensional

τi = max(di (u, v ), di (u , v )).

(4)

Concatenation:

τi = [di (u, v ), di (u , v )].

(5)

where τ i denotes the obtained features by using different strategies for the ith map. Note that, sum pooling and max pooling involve computing the sum and maximum of di (u, v) and di (u , v )
in an element-wise manner. The same operation is conducted for
all the convolutional maps and also generates C C-dimensional descriptors using pooling strategies and C 2C-dimensional descriptors
using concatenation strategy, which is denoted as the 1st-order cooccurrence activations. L2 normalization is employed for the extracted 1th-order co-occurrence. Comparison of the three strategies
including sum pooling, max pooling and concatenation is discussed
in Section 3.3.
The 2nd-order co-occurrence activations. Similar to the ﬁrst
and the second strongest responses, we also extract all the activation responses of the position (u  , v  ) from all the C convolutional
maps to generate a C-dimensional descriptor di (u  , v  ) of the third
strongest response. Here, (u  , v  ) denotes the coordinate position
of the third strongest response in this map. We still can adopt
aforementioned three strategies to deal with di (u, v), di (u , v ) and
di (u  , v  ) for the ith map. The same operation is conducted for
all the C maps, thus also obtaining corresponding descriptors using pooling or concatenation strategies, which are denoted as the
2nd-order co-occurrence activations. We also use L2 normalization
for the extracted 2nd-order co-occurrence.
Our method can be extended to more higher order cooccurrence, such as the 3rd-order. Considerating the time complexity, in this paper we only use the 0th-order, the 1st-order and the
2nd-order. The 0th-order features convey the most salient part information. The 1st-order features describe the pair-wise relationships between salient parts and the 2nd-order features capture the
high-order contextual information of triple parts. The features at
all different orders are complementary to each other, and therefore
we combine them together to form a multi-order co-occurrence
activation representation.
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Fig. 5. Samples from ICDAR03, IIIT5K, CSVT and Pan+Chiphoto datasets.

component are denoted by fuk and fσk :
Fig. 4. Visualization of all the activations and the selected weights. (a) Two samples
of “E” and “O”. (b) The arrangement of the activations. (c) The relationship of the
activation and the selected weight. X-axis denotes the index of convolutional activation arranged according to (b). Y-axis denotes the selected weight of activation
from all the convolutional maps. (d) The weight maps of the samples of “E” and
“O”. The lighter color represents the greater weight. (e) We show several salient
parts corresponding to the strong activation selecting weights.

Remark 1. The proposed method extracts the top three maximum
local activation descriptors from all the convolutional maps. Thus,
some descriptors are repeatedly selected and some are not being
selected, which is equivalent to increase the weights of the repetitive descriptors and decrease the weights of the unselected descriptors in the following encoding process by increasing or reducing the number of descriptors. In order to explain why we select
the convolutional activations from all the convolutional maps to
generate the co-occurrence activation descriptors, we visualize two
samples in Fig. 4(a) to illustrate the process of obtaining the 0thorder descriptors. The relationships of activation index and its selected weight are shown in Fig. 4(c). The selected weight refers to
the ratio of the number of this activation sample to be selected and
the number of all the activation samples to be selected. Besides,
we also present the weights of activations selected from all the
positions to generate 8 × 8 descriptors, i.e., all the activations are
selected only once with uniform weight. As we can see, compared
with uniform weight for all the activations, both of the samples
“E” and “O” exhibit difference, which can further boost the character classiﬁcation accuracy. Moreover, we also present the weight
maps of samples “E” and “O” in Fig. 4 (d). The map of “E” exhibits
distinctive from “O”, showing that the activations of different character classes are selected variously from the convolutional maps. In
Fig. 4 (e), we show several salient parts corresponding to the strong
activation selecting weights. Thus the proposed method of selecting co-occurrence activation descriptors enhances the discriminative power of parts. Furthermore, we compare the proposed activation selecting method with uniform weighting, which is discussed
in Section 3.4.

2.3. Fisher vector encoding
In order to obtain a more powerful global representation for
a scene character, we employ Fisher Vector (FV) [17,18] to encode
co-occurrence activation descriptors of each order as shown in
Fig. 1(e) and (f). FV models the distribution of feature descriptors
by Gaussian Mixture Model (GMM) and describes an image’s highorder statistic information by considering the gradient with respect
to GMM parameters.
The parameters wk , μk and  k of the kth GMM component denote the weight, mean vector and covariance matrix, respectively.
ϕ t (k) denotes the soft-assignment weight of xt to the kth GMM
component. Assuming that the co-occurrence activation descriptor has C-dimension, the C-dimensional derivatives with respect to
the mean μk and diagonal variance vectors σk2 of the kth Gaussian

x − μ 
T
1 
k
f uk = √
ϕt (k ) t
.
wk
σk

(6)

t=1

fσk =





(x − μ )2
ϕt (k ) t 2 k − 1 .
σk
2wk t=1
T


1

(7)

where T is the total number of descriptors. We concatenate f uk and
fσk for all the K Gaussian components to generate the FV f which
is a 2CK-dimensional vector. In addition, the FV f is improved by
power normalization [19]:

f = sign( f )



| f (x )|

(8)

The FV f is normalized by L2 for further steps. Furthermore, we
concentrate all the FV representations f0 , f1 and f2 of the 0th-order,
1st-order and 2nd-order co-occurrence activations:

fall = [ f0 , f1 , f2 ].

(9)

We apply L2 normalization to fall to obtain the global representation of MCA-FV. Finally, linear SVM is employed to obtain the
recognition result.
3. Experimental results
3.1. Datasets
We ﬁrst evaluate the proposed method on English datasets including ICDAR03 scene character recognition dataset [11] and IIIT5K
scene character recognition dataset [12]. ICDAR03 and IIIT5K both
contain 62 classes including 52 English letters and 10 Arabic numbers. It’s worth noting that there are several versions of ICDAR03
character datasets due to different cropping methods. We follow
many scene character recognition work, such as [24,26,28], and
use the original character classiﬁcation dataset from ICDAR03 [11]
that crops out characters tightly and the character image contains
only a character. The cropping strategies is different from [8,35],
which crops out characters loosely and add some other characters together with the corresponding ground truth. They also ignore some obscure characters in the testing set, resulting in a
testing set of 5198 images. There are 5897 training samples and
5395 test samples for ICDAR03. Some samples of ICDAR03 are
shown in Fig. 5(a). IIIT5K consists of 9678 samples for training and
15,269 samples for testing. Some samples from IIIT5K are shown
in Fig. 5(b). In order to evaluate the generality of the proposed
method, we collect a Chinese Street View Text (CSVT) dataset1 captured from street views in China by smart phones. This dataset includes the images of street signs, shop signboards, various advertisement signs as well as the name of the products. CSVT dataset
has 922 classes in total. There are 3296 samples for training and
2906 ones for testing. We will release CSVT dataset upon publication. Some samples of CSVT are shown in Fig. 5(c). Besides, we
also conduct experiments on the Chinese scene character dataset
1
It can be obtained by contacting the authors, and a subset of the dataset is
available at https://github.com/ucasqcz/CSVT- CH- subset/.
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Table 1
The comparative result for constructing cooccurrence activations on ICDAR03 dataset using
different strategies.
Method

1st

2nd

Sum
Max
Concatenation

82.73
82.71
82.14

82.64
82.33
82.11

“Pan + Chiphoto” [28]. We adopt the same dataset setup as the
work of Tian et al. [28] for “Pan + Chiphoto” dataset. Some samples
of Pan + Chiphoto are shown in Fig. 5(d).
3.2. Implementation details
We adopt stochastic gradient descent (SGD) to train CNN using gray images with the size of 24 × 24 for each dataset. In the
training phase, we set momentum and weight decay to be 0.9 and
0.0 0 05. The mini-batch size is 100. Dropout with the probability
of 0.5 is used for the fully connected layers in our CNN model.
We randomly initialize all the fully connected layers by drawing
weights from a zero-mean Gaussian distribution with standard deviation 0.01. The convolutional layers are initialized by the pretrained CNN [8]. We extract 128 convolutional maps of conv_2 using the size of 24 × 24 for English characters and 32 × 32 for Chinese characters. We use MatConvNet [32] for the CNN model and
VLFeat [31] open source library to perform FV encoding. Liblinear
SVM [6] is employed for classiﬁcation. The proposed method runs
on a workstation of 3.1GHz 8-core CPU, 64G RAM and Windows
64-bit OS for all the experiments.
3.3. Evaluation of constructing co-occurrence activations
We evaluate three strategies including sum pooling, max pooling and concentration for constructing the 1st-order and the 2ndorder co-occurrence activations on ICDAR03 dataset. We use FV encoding with the size of GMM vocabulary equaling to 16. Table 1
shows the comparative result. Sum pooling achieves the best accuracy and slightly outperforms max pooling which is superior to
concatenation. Compared with pooling strategies leading to 128dimensional feature, the 1st-order and the 2nd-order concatenations have 256-dimensional and 384-dimensional features which
incur large memory consumption and computing cost. Thus, in this
paper we use sum pooling to construct MCA.
3.4. Evaluation of MCA
To verify the effectiveness of MCA for scene character recognition, we ﬁrst compare MCA with hand-crafted features including
two HOG features. Speciﬁcally, we normalize each scene character image to 24 × 24 and 48 × 48 to obtain the two HOG features.
For the two obtained normalized images, we scan them by 8 × 8
pixel window with the step of 2 pixels and 16 × 16 pixel window
with the step of 4 pixels, respectively. Then we divide each window into cells of 4 × 4 pixels for both the two resized images, and
integrate 2 × 2 cells into a block for 24 × 24 image and 4 × 4 cells
into a block for 48 × 48 image without overlapping. For each cell,
9 orientation bins are computed. Finally, we obtain 36-dimensional
and 144-dimensional HOG descriptors, the number of which are
both 81 for the two resized images. We refer to the two HOG features as HOG_1 and HOG_2. We encode the two HOG descriptors
using FV. Besides, we extract the original 8 × 8 convolutional activation descriptors with the uniform weight from all the positions
of conv_2 and adopt FV to encode these descriptors. The obtained
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Table 2
Evaluation of MCA on ICDAR03.
Method

Image
size

Descriptor
dimension

Descriptor
number

Accuracy

HOG_1
HOG_2
OCA-FV
0th-order
MCA

24 × 24
48 × 48
24 × 24
24 × 24
24 × 24

36
144
128
128
128

81
81
64
128
128 × 3

64.08
72.63
81.20
82.38
83.40

Table 3
Recognition accuracies of the combinations of different order co-occurrence activations on ICDAR03 dataset.
Method

0

1

2

0+1

0+2

1+2

0+1+2

Accuracy

82.38

82.73

82.64

83.01

82.80

83.35

83.40

features are denote as OCA-FV. Note that GMM is learned with the
vocabulary equaling to 16 for all the features.
The comparison results on ICDAR03 dataset are shown in
Table 2. As we can see, both OCA-FV and the 0th-order of MCA
perform better than HOG_1 and HOG_2, which means that convolutional activations have more powerful expression ability than
hand-crafted features. Moreover, the 0th-order co-occurrence activation is obviously superior to OCA-FV which learns the Gaussian model parameters using all the original 8 × 8 activation descriptors and assigns all the descriptors the uniform weight. While
the 0th-order co-occurrence activations contain more descriptors
than the original 8 × 8 activation descriptors of conv_2 (since 128
>8 × 8), which means that some descriptors are repeated. We can
regard this phenomenon as increasing the weights of the repetitive
descriptors which may be salient for recognizing the characters.
Compared to the 0th co-occurrence activation, MCA (i.e., 0 + 1 + 2)
contains more information to represent characters and obtains the
best performance.
3.5. Evaluation of different order co-occurrence activations
We compare the combinations of different order co-occurrence
activation features on ICDAR03 dataset. We use FV encoding with
the size of GMM vocabulary equaling to 16. As shown in Table 3,
the 1st-order and the 2nd-order co-occurrence features capture
the co-occurrence cues of character parts and obtain better performances than the 0th-order. Clearly the MCA-FV which combines
all the orders of co-occurrence activations achieves the best performance, demonstrating that each of the multi-order co-occurrence
activation features is complementary. The results show that different orders of co-occurrence activation features can provide various
information for character recognition.
3.6. Evaluation of encoding strategies and pooling strategies upon
MCA
We evaluate three different encoding methods including
BOW [4,25], VLAD [9] and FV for MCA on ICDAR03 dataset. The performances of the three encoding strategies for MCA are presented
in Fig. 6 in which we also show the effect of different sizes of vocabulary (GMM for FV and K-means for VLAD and BOW) for recognition accuracy.
Clearly, compared with VLAD and FV, the performance of BOW
is affected more greatly by the size of vocabulary. When the number of vocabulary equals to 1024, BOW achieves the best accuracy
of 81.08% which is obviously lower than that of VLAD and FV. The
reason lies in that BOW based representation is limited to count

74

Y. Wang et al. / Pattern Recognition Letters 97 (2017) 69–76

Fig. 6. The performances of different sizes of vocabulary for the three encoding strategies.

Table 4
Recognition accuracies of using different pooling strategies upon MCA on ICDAR03 dataset.

Table 5
Recognition results of different
Pan + Chiphoto datasets (%).

methods

on

ICDAR03,

IIIT5K,

CSVT

and

Method

MCA-Max

MCA-Sum

MCA-Max-Con

MCA-Sum-Con

Method

Description

ICDAR03

IIIT5K

CSVT

Pan + Chiphoto

Accuracy

81.74

81.57

81.74

81.61

HOG + SVM [5]
Co-HOG [28]
ConvCoHOG [28]
DMSDR [24]
SED [26]
DSEDR [24]
CNN_Softmax
SAC [1]
MAC
FTMAC
R-MAC [30]
FTR-MAC
OCA-FV
OCA-VLAD
MCA-FV

HC
HC
HC
Part
Part
Part
CNN
CNN
CNN
CNN
CNN
CNN
CNN
CNN
CNN

77.0
80.5
81.7
81.7
82.0
82.6
81.5
82.2
81.8
81.6
81.2
82.1
81.2
81.7
83.4

70.0
77.8
78.8
–
–
–
77.8
77.9
77.6
77.9
77.8
78.3
78.3
78.2
80.0

65.4
–
–
–
–
46.2
63.6
61.4
61.3
62.8
68.3
65.9
63.1
71.3

59.2
65.4
71.2
–
–
–
53.4
69.6
64.8
67.0
71.4
73.8
69.7
71.0
76.7

the number of occurrences of each visual word while VLAD and FV
encode higher-order statistics. We can see that the recognition accuracies ﬂuctuate less than 0.5% for FV and VLAD when the size of
vocabulary varies, showing that MCA is robust to the size of vocabulary of FV and VLAD. Meanwhile, FV performs better than VLAD
due to the fact that FV computes the gradient with respect to not
only the mean but also standard deviation parameters.
Besides, we adopt different pooling strategies instead of encoding strategies upon MCA on ICDAR03 dataset. Speciﬁcally, (1) we
use max pooling for all the 0th-order, 1st-order and the 2nd-order
descriptors together to obtain the character representation, which
is denoted as “MCA-Max”; (2) we use sum pooling for all the 0thorder, the 1st-order and the 2nd-order descriptors together to obtain the representation, which is denoted as “MCA-Sum”; (3) we
use max pooling for the 0th-order, 1st-order and the 2nd-order
descriptors, respectively. Then we concentrate the three vector to
generate the ﬁnal representation, which is denoted as “MCA-MaxCon”; (4) Similar to “MCA-Max-Con”, we use sum pooling to obtain
the character representation, which is denoted as “MCA-Sum-Con”.
The comparison results are reported in Table 4. The best result is
81.7%, which is lower than 83.4% of MCA-FV. Overall, through the
aforementioned comparisons using encoding strategies and pooling
strategies, MCA-FV achieves the best, demonstrating the advantage
of FV upon MCA.

3.7. Comparison with other methods
The proposed method is evaluated on three scene character recognition datasets including ICDAR03, IIIT5K, CSVT and
Pan+Chiphoto. It is not only compared with hand-crafted features
based methods [5,28] but also with part based methods [24,26]. Besides, we conduct other CNN based methods to further verify the
effectiveness of the proposed method. The detailed introduction of
CNN based methods is as follows:
CNN_Softmax: Softmax layer of CNN model. We report the results obtained by the softmax layer of our CNN model.
SAC: Sum of Activation response of Convolutions. Similar to [1],
we compute the sum of all the activations responses for each convolutional map. As a result, we obtain a 128-dimensional feature.

MAC: Maximum Activation response of Convolutions. We consider the maximum activation response for each convolutional
map. We obtain a 128-dimensional features.
FTMAC: the First Three Maximum Activation response of Convolutions. In this paper, we use the ﬁrst three strongest responses
of convolutional maps to generate MCA. To conﬁrm the effectiveness of the proposed method, we also extract the ﬁrst three maximum activation responses to obtain MAC. Specially, we sum the
ﬁrst three maximum responses for each map and ﬁnally we obtain
a 128-dimensional features.
R-MAC: Regional Maximum Activation of Convolutions. We
compare the method [30] which employs the regional maximum
activation response of convolution layer and considers multi-scale
information of convolutional activations. R-MAC samples square regions in the convolutional maps at three different scales.
FTR-MAC: the First Three Regional Maximum Activation of Convolutions. Following R-MAC, we sample square regions in the convolutional maps at three different scales. Similar to FTMAC, we also
extract the ﬁrst three maximum activation response of convolutions for each region, and sum them to generate FTR-MAC.
OCA-FV: Original Convolutional Activation encoded with FV. We
extract the Original 8 × 8 convolutional activation descriptors with
the uniform weight from all the positions of conv_2 and use FV to
encode these descriptors.
OCA-VLAD: Original Convolutional Activation encoded with
VLAD. Similar to OCA-FV, we adopt VLAD to encode 8 × 8 descriptors.
The comparison results are reported in Table 5 in which HC
denotes hand-crafted feature. Speciﬁcally, the proposed method
achieves signiﬁcantly better performance than Co-HOG [28] and
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ConvCoHOG [28]. Similar to Tian et al. [28], we also use cooccurrence information to represent characters. While different
from the work Tian et al. [28] which learns co-occurrence information of orientation pairs of neighboring pixels by extending HOG,
the proposed method explores the higher-level co-occurrence information by implicitly modeling the co-occurrence cues of discriminative character parts at multiple orders with convolutional
activations of CNN model.
DMSDR [24], SED [26] and DSEDR [24] all use HOG as the local appearance features to represent character parts, which outperform the original HOG features considerably. However, MCA-FV
is superior to the three part based methods for scene character
recognition. The reason lies in that our method not only considers the separate parts but also multiple parts interaction. Besides,
MCA-FV uses FV to learn high-order statistic information rather
than BOW model which is used for the three part based methods
to learn vocabulary.
Overall, CNN based methods perform better than hand-crafted
features based and part based methods, showing that CNN features
have stronger discriminative power than hand-crafted features for
scene character recognition. Moreover, most of the convolutional
layer features outperform fully connected layer features which
contain less spatial information of character images. Note that,
the performances of CNN_Softmax on CSVT and Pan + Chiphoto
datasets are worse than those on the two English datasets. The
main reasons are that: (1) Chinese characters have denser stroke
distribution and more complex stroke structure than English characters, and thus more part information can boost the recognition
performance. (2) CSVT and Pan + Chiphoto datasets both has insufﬁcient training samples and more classes, and thus CNN model is
poorly trained. (3) The architecture and parameters of fully connected layers need to be further adjusted for different character
languages. However, MCA-FV shows its robustness to multilingual
scene character recognition.
Compared with other convolutional activations based methods, MCA-FV consistently has superior performance on the four
datasets. SAC, OCA-FV and OCA-VLAD make use of all convolutional
activations to derive the character representation, and their performances are slightly lower than ours. The reason may lie in that the
three methods bring more unreliable information related to background by considering all activations. Similar to MCA-FV, MAC and
R-MAC also extract the maximum activations from convolutional
layers, and FTMAC and FTR-MAC extract the ﬁrst three maximum
activations. While MCA-FV performs better than MAC, R-MAC, FTMAC and FTR-MAC due to that we use the maximum activation
aiming at selecting the salient parts of character images and extract the activations from all convolutional maps to guarantee both
recall and diversity of the salient parts.
Through the aforementioned comparison, the higher recognition accuracy demonstrates that MCA-FV can effectively capture
co-occurrence information and is a powerful global representation
for scene character recognition.
4. Conclusion and future work
In this paper, we propose a novel representation, multi-order
co-occurrence activations encoded with Fisher Vector for scene
character recognition. Multi-order co-occurrence activations consider the co-occurrence information among different salient parts
and provide more accurate description than single part. Moreover,
Fisher Vector encoding is used to obtain a more powerful global
representation. We evaluate the proposed method on four scene
character databases including English and Chinese datasets. The
experimental results demonstrate the superiority of our method
over the existing methods including hand-crafted features based
methods, part based methods and CNN based methods for scene
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character recognition. Meanwhile, there are several future study directions, for example, combining the activations of different convolutional layers to generate a more powerful global representation
and using other CNN architectures to further improve the recognition accuracy. We will also extend the proposed character recognition method for scene text recognition.
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