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Abstract—Although Faster R-CNN based approaches have
achieved promising results for text detection, their localization
accuracy is not satisfactory in certain cases. In this paper, we
propose to use a LocNet to improve the localization accuracy of a
Faster R-CNN based text detector. Given a proposal generated by
region proposal network (RPN), instead of predicting directly the
bounding box coordinates of the concerned text instance, the
proposal is enlarged to create a search region so that conditional
probabilities to each row and column of this search region can be
assigned, which are then used to infer accurately the concerned
bounding box. Experiments demonstrate that the proposed
approach boosts the localization accuracy for Faster R-CNN based
text detection significantly. Consequently, our new text detector
has achieved superior performance on ICDAR-2011, ICDAR-2013
and MULTILIGUL text detection benchmark tasks.
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L INTRODUCTION

Text in natural scene images contains rich and valuable
semantic information, which is beneficial to a variety of content-
based visual applications, e.g., image and video retrieval, scene
understanding and target geolocation. Consequently, text
detection in natural scene images has gained increasing attention
from document analysis and computer vision communities
recently [1, 2, 3]. However, text detection is still an extremely
challenging problem due to following reasons. First, scene text
itself is very diverse in terms of languages, fonts, scales,
orientations and colors. Second, scene image backgrounds are
generally very complex or even have similar textures as text
(e.g., signs, fences, bars and bricks). Third, there exist many
interference factors like non-uniform illumination, blurring, low
contrast and occlusion. Furthermore, the requirement on
accurate bounding box prediction poses additional challenge to
this domain-specific task.

Existing text detection methods can be roughly divided into
two mainstream categories: bottom-up methods [4, 5, 6, 7, 8]
and top-down methods [9, 10, 11, 12, 13, 14, 15, 16, 17, 18].
Bottom-up methods extract candidate text connected
components (CCs) (e.g., based on MSER [19] or SWT [5]),
filter out non-text CCs and group text CCs into text-lines. One
of the most popular bottom-up methods are MSER based
methods, which achieved state-of-the-art performance in both
ICDAR-2011 [1] and ICDAR-2013 robust reading
competitions [2]. However, bottom-up methods still have some
notable limitations. For example, some text in natural scene
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Fig. 1. Detection results of Faster R-CNN with bounding box regression
module (1% row) and with LocNet based localization module (2" row) on
ICDAR-2013 dataset. Green and orange regions are correctly detected text
regions, while red ones are wrongly detected text regions. Visulization results
are captured from the online evaluation system (http://rrc.cvc.uab.es/?ch=2).
(Best viewed in color)

images cannot be extracted by the current candidate text CC
extraction methods like MSER or SWT, which affects the recall
rate of bottom-up methods severely [8]. Moreover, these
methods usually generate a large number of non-text CCs,
posing a big challenge to the succeeding text/non-text
classification and text-line grouping problems, which makes
the corresponding solutions generally very complicated and
less robust [16].

Nowadays, with the astonishing development of deep
learning algorithms, convolutional neural network (CNN)
based top-down methods become more and more promising.
[12, 13] borrow the idea of semantic segmentation and apply a
fully convolutional neural network (FCN) [20] to make a pixel-
level text/non-text prediction, which produces a text saliency
map for text detection. However, only coarse text blocks can be
detected from this saliency map [12], so complex post-
processing steps are needed to extract accurate bounding boxes
of text-lines. Compared with FCN based methods, another
group of methods [14, 15, 16, 17, 18, 21] , which adopt CNN
based object detection frameworks like R-CNN [22], YOLO
[23], RPN [24], SSD [25], Faster R-CNN [24], are more
straightforward and detect text instances from images directly.
All these methods rely on a crucial bounding box regression
module, which uses a regression function to directly predict the
object bounding box coordinates. However, this module is
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Fig. 2. Architecture of our proposed text detection network.

considered as sub-optimal for bounding box prediction and may
affect the localization accuracy of the text detector, because
directly regressing the coordinates of the target bounding box
is a difficult learning task that cannot yield accurate enough
bounding boxes [26]. In this paper, we will take Faster R-CNN
based approach for example and present a study to address this
problem.

Faster R-CNN is the most representative generic object
detection method and has also achieved promising results on
text detection tasks [18, 21]. However, as illustrated in the first
row of Fig. 1, its localization accuracy is unsatisfactory in
certain cases, which is caused by partial text detection and
excessive text detection. Partial text detection means that the
detected bounding box (red region in the 1% row of Fig. 1 (a))
partially covers the concerned text instance (without satisfying
the default area recall threshold ¢, = 0.8 [27]), while excessive
text detection is that the detected bounding box (red region in
the 1% row in Fig. 1 (b-c)) is too loose (without satisfying the
default area precision threshold t, =0.4 [27]). The
unsatisfactory text localization accuracy not only degrades the
performance of text detection task, but also affects the
performance of the succeeding text recognition task. Therefore,
improving the text localization accuracy of these approaches is
important and necessary.

To address the above problem, we propose to incorporate a
LocNet based localization module [26] into the Faster R-CNN
framework to improve its localization accuracy. Specifically,
given a proposal generated by the RPN [24], instead of
predicting directly the coordinates of the concerned text
instance, we firstly enlarge the proposal to create a search
region and then assign conditional probabilities to each row and
column of this region. These conditional probabilities provide
useful and detailed information to measure how likely each row
and column of the search region is inside the bounding box of

the concerned text instance, based on which the bounding box
location of the text instance can be inferred accurately.

Experiments demonstrate that the proposed approach
improves the localization accuracy of Faster R-CNN based text
detection method significantly. Some qualitative comparison
examples are presented in the 2™ row of Fig. 1 (a-c). Owing to
this improvement, our new text detector has achieved superior
performance on ICDAR-2011 [1], ICDAR-2013 [2] and
MULTILIGUL [28] text detection benchmark tasks. Moreover,
although our text detection model is not trained with
multilingual text images, it generalizes surprisingly well to other
languages, which reflects the strong generalization ability of our
proposed approach.

II. TEXT DETECTION APPROACH

As depicted in Fig. 2, our text detection network consists of
two core sub-networks: (1) Region proposal network (RPN); (2)
Fast R-CNN detector, which is composed of two modules, i.e.,
text/non-text classification module and LocNet based
localization module [26]. Given an input image, our approach
uses RPN to generate a manageable number of rectangular
region proposals for text instances, which are then enlarged to
create corresponding search regions. Then, for each region
proposal, a text/non-text classification module is used to predict
its textness score. If it is classified as a text proposal, its
corresponding search region will be taken as the input of a
LocNet based localization module to refine the bounding box
of the concerned text instance. In this paper, we advocate text-
line-level detection, which means that all the ground truth
bounding boxes of text instances for training are annotated in a
text-line manner. The standard VGG16 network [29] is used as
a base network architecture in our experiments, which is shared
by both RPN and Fast R-CNN detector. The details of our
approach are described as follows.
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Fig. 3. llustration of target probability vectors T = {Tx Ty}. The search region
R is divided into M equal columns and M equal rows separately. A row or
column element is considered to be inside the ground-truth bounding box B* =
{B;,B{, B, By} if at least part of the region corresponding to this row or column
is inside this box, which is assigned value 1, otherwise, assigned 0.

A. RPN

Given an input image, the shared convolutional features of
VGG16 model [29] are calculated firstly. Then we slide a small
network, which is a mixture of 3 X 3 and 5 X 5 convolution,
over the feature maps from “Conv5 3”. As the variabilities in
sizes and aspect ratios of text-lines are higher than general
objects, we modify the original RPN configuration by using 4
scales {32, 64, 96, 128} and 6 aspect ratios {0.2, 0.5, 0.8, 1.0,
1.2, 1.5}, i.e., 24 anchors, at each sliding position.

B. Fast R-CNN Detector

Text/non-text classification module: For each proposal, rather
than just performing ROI pooling [30] from the high-level
“Conv5_3” layer [24], we borrow the idea of skip pooling [31]
and combine features from different layers, i.e., “Conv3 3”,
“Conv4 3” and “Conv5 3”, to improve the representation
ability of features for small text proposals. The features from the
intermediate “Conv3 3” and “Conv4 3” layers have higher
resolution and contain more detailed information, which are
complementary to more abstract features from the “Conv5 3”
layer. Concretely, as depicted in the middle half of Fig. 2, we
apply ROI pooling over “Conv3 3”, “Conv4 3” and
“Conv5_3” layers and extract three feature descriptors with a
fixed spatial grid of 7 X 7 for each proposal. Each fixed-size
feature descriptor is then L2-normalized and re-scaled back with
a learnable per-channel scaling parameter, which is initialized to
2 according to our training set. These descriptors are then
concatenated on the channel axis and dimension reduced with a
1 X 1 convolutional layer to obtain a fixed-length feature
descriptor of size 512 X 7 X 7, which is fed into two fully-
connected layers (fc_6 and fc_7 layers of VGG16 model [29])
for text/non-text classification.

LocNet based localization module: Given an input proposal B,
we increase the width and height of B by the enlargement
factors' S,, and S, separately to create a search region R. Then
we divide R into M equal vertical regions (columns) and M
equal horizontal regions (rows) respectively?, and output a
conditional probability to each column or row. Here, we use the
In-Out probabilities [26] for the conditional probabilities, and
define two conditional probability vectors p, = {p,(i)}'L, and
py = {py(i)}?’il to represent the conditional probabilities of
each column and row of R to be inside the bounding box of a
text-line respectively. As illustrated in Fig. 3, let B* be the
ground-truth bounding box and (By, B;) and (By, B) be its top-

'"We use S, =2.4, S, =1.8.
2We set M = 28 in our experiments.

Fig. 4. Illustration of bounding box prediction process with a LocNet
localization module. For each natural scene image, green, red and blue
rectangles represent input proposal B, search region R and final predicted
bounding box, respectively. We visualize In-Out p, and p,, probability vectors
at the bottom and on the right of each image. By maximizing the likelihood of
the In-Out element probabilities, we can accurately infer the bounding box
location of the concerned text instances. (Best viewed in color)

left and bottom-right coordinates, then the target conditional
probability vectors T = {T, T, } can be denoted as follows:

. ) 1, if Bj<i<B;
vi€{1,..,M}, T.(i) = {0 fotlherwise r )

. . 1, ifB;<i<B;
vie{l,.. M}, T,(i) = {0 fottherwise b

Ideally, the output probability vectors p = {py, p, } are expected
tobeequaltoT.

The architecture of the LocNet based localization module is
depicted at the bottom part of Fig. 2. The architecture design
follows [26, 32]. For each search region R, we extract three
feature descriptors with a fixed spatial extent of 14 X 14 from
the “Conv3 37, “Conv4 3” and “Conv5 3" layers by using ROI
pooling. Similar to text/non-text classification module, after L2-
normalization, re-scaling, channel concatenation and dimension
reduction operations, we obtain a fixed-length feature descriptor
of'size 512 X 14 X 14, which is followed by two stacked 3 X 3
convolutional layers. Then, the network is split into the X and Y
branches via max-pooling on the x-axis and y-axis respectively.
Finally, the pooled feature of each branch is fed into the output
layer with M nodes to yield the conditional probabilities after
sigmoid normalization. Concretely, the X branch is used to
output p_, while Y branch is to P,

Given the predicted In-Out probabilities p and P, th

concerned bounding box location B = {B;, B, B, B} (i.e., the
top-left and bottom-right coordinates of B) can be inferred by
maximizing the likelihood of the In-Out elements of B:

e, 5,0, [ie@,.5,2 —p,(D)

argmax . .
Ezi?%ﬁr,?b [lie,.. 5,0, e, 5,1 —p, (D)

The visual illustration of bounding box prediction process with
the proposed LocNet localization module is depicted in Fig. 4.

III. TRAINING

A. Loss Fucntions

Multi-task loss for RPN: There are two sibling output layers
for RPN, i.e., text/non-text classification layer and a bounding
box regression layer. The multi-task loss function for RPN is
denoted as follows:

LR(C C it ) - Aclchls(C ¢ )+ Alocc Lloc(t:t*): (4)
where ¢ and c* are predicted and ground-truth labels



respectively, L.(c, c*) is a softmax loss for classification task,
t ={tyty, ty,ty} and t* = {t,"t," t,", t,"} represent the
four-dimensional parameterized coordinates of predicted and
ground-truth bounding boxes. We use the parameterizations of
t* stated in [22]:

* __ (Gx_Ax) * (Gy_Ay)
tx - Aw 4 ty - 4y, )
. G . G
t,* = log (ﬁ),th = log (A_Z)' ®)

where A = {A,, Ay, Ay, Ap} and G = {G,, G, G, G} denote
the center coordinates, width, and height of anchor A and
ground-truth box G, respectively. L% .(t,t*) is a smooth L; loss
[30] for regression task. A, and 4,,. are two loss-balancing
parameters, and we set A,y = 1,4, = 3.
Multi-task loss for Fast R-CNN: Fast R-CNN also has two
sibling output layers: the first is text/non-text classification
layer, which is the same as the above-mentioned RPN and the
second is In-Out probability prediction layer. Let Lf .(p, T)
denote the loss for In-Out probability prediction and we adopt
a binary cross-entropy loss for LF .(p, T) following [26]:
M
Uoc® T = D" T 10g(pa(®) + Ta() 10g(Fa(®). (6)
ae{x,y} i=1
where T,(i) = 1 — T,(i) and (i) = 1 — p,(i). Then multi-task
loss function for Fast R-CNN is defined as follows:
LF (C, c, p, T) = Aclchls (C, C*) + AlocC*Lfoc (p' T)- (7)
We set A, = 1,4, = 20 to bias towards In-Out probability
prediction.

B. End-to-end Training Strategy

Our text detection network is trained end-to-end with an
approximate joint training algorithm [33]. The training
procedure is described as follows:

Step 1: Randomly select one training image I with its ground
truth bounding boxes set {G };

Step 2: Calculate text labels and regression targets of anchors
according to {G}; Randomly sample 128 background (IoU<0.1)
and 128 positive (IoU>0.5 or the highest ToU) anchors to
compute the loss function for RPN;

Step 3: Run backward propagation to obtain the gradient for
corresponding network parameters and proposal set {P};

Step 4: Adopt NMS with the IoU threshold of 0.7 on {P} and
select the top-2000 ranked proposals to construct {D} for Step 5;
Step 5: Calculate text labels and target probabilities T of
proposals according to {G}; Randomly sample 96 background
(IoU<0.3) and 32 positive (IoU>0.5 or the highest IoU)
proposals from {D} to compute the Fast R-CNN loss function;
Step 6: Run backward propagation to obtain the gradient for
corresponding network parameters;

Step 7: Update the network parameters;

Step 8: Repeat Step 1-7 until convergence.

IV. EXPERIMENTS

A. Datasets and Evaluation Protocol

We evaluate our approach on three standard benchmarks,
namely ICDAR-2011 [1], ICDAR-2013 [2], MULTILINGUAL
[28] datasets. The ICDAR-2011 dataset [1] contains 229 and
255 images for training and testing. The ICDAR-2013 [2] is
similar to ICDAR-2011, including 229 training and 233 testing

images. The MULTILINGUAL dataset [28] is a multilingual
image dataset, which consists of 248 training and 239 testing
images captured in natural scenes. We follow the corresponding
evaluation protocol for each dataset to make our results
comparable to others. Concretely, we follow the standard
evaluation protocol proposed by Wolf and Jolion [27] for
ICDAR-2011 and MULTILINGUAL datasets, while for
ICDAR-2013, we use the online evaluation tool provided by the
organizers of ICDAR-2015 “Robust Reading Competition” [3].

B. Experimental Setup

Training data. We have collected a total of 3,217 images for
our text detection model training, including 1,707 images from
SCUT_FORU [34], 229 training images form ICDAR-2013
[2], 100 training images from SVT [35], 239 and 433 images
containing only horizontal text-lines selected from the HUST-
TR400 [36] and USTB-SV1K [37] datasets respectively and an
indoor SVT-like dataset (509 images) which is not overlapped
with any test images in all benchmarks. All the training images
were relabeled with accurate text-line bounding boxes.
Implementation details. We use a pre-trained VGG16 model
[29] for ImageNet classification to initialize the base network
of our text detection model. The weights of new layers for RPN
and LocNet regression module are initialized by using random
weights with Gaussian distribution of 0 mean and 0.01 standard
deviation. During training, we freeze the first two convolutional
layers and fine-tune the remaining layers as [24]. The learning
rate is 0.001 for the first 30K iterations and 0.0001 for the next
30K. The momentum is 0.9 and weight decay is 0.0005. Our
experiments are conducted on Caffe framework [38]. We apply
a multi-scale training strategy. The scale S is defined as the
length of the shortest side of an image. In each training
iteration, a selected training image is individually rescaled by
randomly sampling S from the set {300, 400, 500, 600, 700}.
In the testing phase, we select the top-300 text-line proposals
generated from RPN for Fast R-CNN and apply single-scale
testing (S = 500) with a single model.

C. Comparison between LocNet Based Localization Module
and Bounding Box Rregression Module

We train two Faster R-CNN based models for text
detection. The first one applies bounding box regression [24] as
the localization module of Fast R-CNN (named BBox reg.
model), while the second one adopts the proposed LocNet
based localization module (named LocNet model). For fair
comparison, these two models are trained with the same hyper-
parameters. As stated in [27], there are two thresholds on the
area recall (¢,) and area precision (t,), which determine the
quality of each match between detected and ground-truth
bounding boxes of text instances (we refer readers to [27] for
further details). In order to compare more comprehensively the
localization accuracy of these two text detection models, we
evaluate detection performance on ICDAR-2011 over the
default and stricter ¢, and t,, respectively. Results are listed in
Table 1. It is observed that when applying the default value of
t, = 0.8 and t, = 0.4 as suggested in [27], LocNet model
outperforms BBox reg. model by 2.01% in recall, 3.48% in
precision, 2.76% in F-measure, respectively. Furthermore,



TABLE 1. Comparison between LocNet model and BBox reg. model over
various thresholds of the evaluation tool [27] on ICDAR-2011 (R: Recall,
P: Precision, F: F-measure).

Model | Thresholds | R (%) | P (%) F(%) | AF (%)
t: | &
08 | 04 | 8680 | 84.97 85.87 B
BBox | 09 | 04 | 7418 | 73.69 73.93 -
reg. 10 | 04 | 3053 | 3114 30.83 B
08 | 05 | 8444 | 8295 83.69 -
08 | 06 | 7426 | 7691 75.65 B
08 | 04 | 8881 | 8845 88.63 +2.76
LocNet |_09 | 0.4 | 80.01 | 80.70 80.38 +6.45
10 | 04 | 4197 | 3972 40.81 +9.98
08 | 05 | 8461 | 86.06 85.33 +1.64
08 | 06 | 7544 | 80.14 77.72 +2.07

when t, becomes stricter, e.g., t, =09 and t, =10,
improvements in F-measure are much more significant, i.e.,
+6.45% and +9.98%, respectively. Moreover, when t,
becomes stricter, e.g., t, = 0.5 and ¢, = 0.6, LocNet model
can also achieve better results, i.e., outperforming BBox reg.
model by +1.64% and +2.07% in F-measure. This demonstrates
clearly the effectiveness of the proposed LocNet based
localization module for improving the localization accuracy of
Faster R-CNN based text detectors.

D. Comparison with Prior Arts

We compare the performance of our approach with recently
published results on ICDAR-2013 and ICDAR-2011 datasets.
As shown in Table 2 and Table 3, our approach achieves the
best performance on both datasets. On ICDAR-2013 dataset,
our approach achieves the best 86.70%, 93.00% and 89.74% in
recall, precision and F-measure, respectively, outperforming
the other methods by a notable margin, though many previous
approaches have been well-tuned on ICDAR-2013 task. On
ICDAR-2011 dataset, our approach outperforms the closest
TextBoxes [17] remarkably by 2.63% improvement on F-
measure. It is worth noting that, although the method in [8] also

TABLE 2. Comparison with prior arts on ICDAR-2013 (%).

Method Recall | Precision | F-measure
Proposed 86.70 93.00 89.74
CTPN [16] 82.98 92.98 87.69
Zhu et al. [39] 81.02 93.39 86.77
TextBoxes [17] 83.00 89.00 85.89
Zhong et al. [18] 83.00 87.00 85.00
Gupta et al. [15] 75.50 92.00 83.00
TextFlow [40] 75.89 85.15 80.25
1 ICDAR’2013 [2] | 69.28 88.80 77.83

TABLE 3. Comparison with prior arts on ICDAR-2011 (%).

Method Recall | Precision | F-measure
Proposed 88.81 88.45 88.63
TextBoxes [17] 82.00 89.00 86.00
CTPN [16] 79.00 89.00 84.00
Zhong et al. [18] 81.00 85.00 83.00
Gupta et al. [15] 74.80 91.50 82.30
TextFlow [40] 76.17 86.24 80.89
Zhang et al. [41] 84.00 76.00 80.00
1st ICDAR’ 2011 [1] | 62.47 82.98 71.28
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TABLE 4. Comparison with prior arts on MULTILINGUAL (%).

Method Recall | Precision | F-measure
Proposed 84.23 82.45 83.33
CPTN [16] 80.00 84.00 82.00
TextFlow [40] | 78.40 84.70 81.40
Yin et al. [6] 82.60 68.50 74.60
Pan et al. [28] | 64.50 65.90 65.50

achieves superior results on these two datasets, it is not
comparable because that approach needs millions of training
samples to achieve good performance, while our approach is
only trained with thousands of images. Our detection results on
several challenging images in these two datasets are shown in
Fig. 5. The results demonstrate the effectiveness and robustness
of our proposed text detector, which is able to detect scene text
regions under various challenging conditions such as strong
exposure, non-uniform illumination as well as very small scene
text with accurate bounding box localization.

E. Generalization Ability

It should be noted that the collected 3,217 training images
only contain English text. To evaluate the generalization ability
of our approach, we test it on MULTILINGUAL dataset as
well, which contains both English and Chinese text. The results
are quite impressive as shown in Table 4. Our approach
achieves the best recall and F-measure, even though some other
approaches have used the provided training set. As shown in
Fig. 5, the robust detection results in the multilingual text
images demonstrate that our approach generalizes well in such
scenario and is insensitive to languages.

V. CONCLUSION

In this paper, we study how to improve the text localization
accuracy of Faster R-CNN based text detectors. We propose to
incorporate a LocNet based localization module into the Faster
R-CNN based text detectors to improve their localization



accuracy. Comprehensive evaluations and comparisons are
made on three benchmark datasets on which our proposed
approach achieves superior performance. Our approach can not
only detect robustly text-lines under various challenging
conditions with accurate bounding box localization, but also
generalize well to different languages.
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