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Abstract—Scene text detection in videos has many application
needs but has drawn less attention than that in images. Existing
methods for video text detection perform unsatisfactorily because
of the insufficient utilization of spatial and temporal information.
In this paper, we propose a novel video text detection method with
network flow based tracking. The system first applies a newly
proposed Fully Convolutional Neural Network (FCN) based scene
text detection method [1] to detect texts in individual frames and
then track proposals in adjacent frames with a motion-based
method. Next, the text association problem is formulated into
a cost-flow network and text trajectories are derived from the
network with a min-cost flow algorithm. At last, the trajectories
are post-processed to improve the precision accuracy. The method
can detect multi-oriented scene text in videos and incorporate
spatial and temporal information efficiently. Experimental results
show that the method improves the detection performance
remarkably on benchmark datasets, e.g., by a 15.66% increase
of ATA (Average Tracking Accuracy) on ICDAR video scene text
dataset.

I. I NTRODUCTION

ICDAR 2015 Incidental Scene Text dataset.1 These methods
can be applied to video frames as well.
In this paper, we propose a video text detection method with
network flow based tracking. First, the system detects texts in
individual frames using a newly proposed FCN based scene
text detection method [1], which can directly predict arbitrary
quadrilateral bounding boxes of texts. Then text proposals
are tracked in adjacent frames with a motion-based tracking
method. We then formulate the text association problem
into a cost-flow network. Text trajectories can be extracted
globally from the network with a min-cost flow algorithm. The
trajectories are finally post-processed to improve the precision
of detected texts. The contributions of this work are three-fold:
1) The proposed method can deal with multi-oriented scene
texts, as the text detector can predict quadrilateral bounding
boxes of texts. 2) The proposed method combines spatial and
temporal context information efficiently by locally tracking
text proposals in adjacent frames as well as globally searching
text trajectories in a cost-flow network. 3) On two benchmark
datasets, the ICDAR 2015 video scene text dataset [15] and the
Minetto dataset [10], the proposed method yields remarkable
performance improvements.
The rest of paper is organized as follows. Section II briefly
reviews related works. Section III describes text detection
method. Section IV presents the experimental results on two
video benchmark datasets and section V gives concluding
remarks.

Texts in videos carry high-level semantic information such
as time, place, people, topics and so on. Effective text detection
and recognition in videos is one of the key factors for video
analysis and understanding [2]. Scene text detection in videos
has been applied in many practical applications, such as
driver assistance system [3], real time translator [4], wearable
camera system for visually-impaired [5] and robot and user
navigation [6].
There have been numerous methods [7]–[14] for scene text
detection in videos, but the majority of them only focus on
II. RELATED WORK
scene text detection in individual frames, aiming to overcome
Most video text detection algorithms comprise two steps,
the low-resolution or complex image background problems.
Only a few methods [10]–[13] have utilized the spatial and first to detect texts in individual frames or key frames, and
temporal context information, i.e., not only detect texts in second to track proposals in short-term or long-term. Both steps
individual frames, but also consider the context information in encounter challenges posed by poor contrast and low-resolution
multi-frames. However, existing methods perform unsatisfacto- images, multi-orientation and multi-scale texts, and arbitrary
rily on video scene text datasets. For example, in the recent motions. Many methods proposed for text detection in images
ICDAR 2015 Robust Reading Challenge “Text in Videos” [15], can be applied to text detection in video frames as well, while
the state-of-the-art ATA result, which is a metric to evaluate the fusion of temporal context information is beneficial for
video text detection. In the following, we first review methods
the precision of text sequences, only reaches 45.18%.
With successful applications of deep Convolutional Neural of scene text detection in images, and then those specially for
Networks (CNN) on scene text detection [16]–[18], the perfor- video text detection.
mance of scene text detection in images has been significantly
1 Two online leaderboards are maintained on http://rrc.cvc.uab.es/?ch=2\
improved. Currently, the f-measure has been promoted to 92% &com=evaluation and http://rrc.cvc.uab.es/?ch=4\&com=evaluation, correon ICDAR 2015 Focused Scene Text dataset and 84% on sponding to the Challenge 2 and Challenge 4 on ICDAR 2015.
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Figure 1. The proposed video scene text detection framework.

A. Scene Text Detection in Images
Numerous methods for scene text detection have been
proposed in recent years, including MSER based methods [19]–
[22] and deep learning based methods [16]–[18], etc. Recently deep learning based methods outperforms MSER based
methods on many scene text datasets. Jaderberg et al. [16]
presented an end-to-end system for text spotting with a CNN
trained module introduced for text bounding box regression.
He et al. [17] presented a novel cascade convolutional text
network (CCTN) that joints two customized convolutional
networks for coarse-to-fine text localization. Tian et al. [18]
proposed a novel connectionist text proposal network (CTPN)
to detect text lines in natural images.
B. Scene Text Detection in Videos
In recent years, many methods for video text detection have
been proposed, such as [10]–[14]. Gomez et al. [11] proposed
a MSER based real-time video text detection system with no
evaluation on benchmark datasets. Zuo et al. [12] proposed a
multi-strategy tracking method, but selected the best match with
hand-crafted rules from tracking-by-detection, spatial-temporal
context learning and linear prediction. Tian et al. [13] improved
the method of [12] by introducing dynamic programming to
select the best match globally in a unified framework. In this
work, inspired by [23], we propose a network flow based
method. The framework is similar with [24], but they are
substantially different. [24] uses network flow for text line
construction in single images, however, our work applies it to
text tracking in videos.
III. PROPOSED METHOD
The proposed method, as is shown in Fig. 1, combines stillframe text detection and cross-frame text tracking to better
utilize the spatial and temporal information. The framework
consists of four main components: 1) still-frame text detection,
2) text tracking, 3) text network flow and 4) post processing.
Given a video shot, we first detect scene texts in individual
frames based on the method of [1]. The detected text proposals
are then tracked in adjacent frames with a motion based tracking
method. Next, the text association problem is formulated into
a cost-flow network with the hypothesis that a text can only

Figure 2. Framework of the FCN based scene text detection method [1] (See
section III-A for details).

belong to one trajectory. Text trajectories are derived from
text network flow with a min-cost flow algorithm. In post
processing, short trajectories and low confidence trajectories
are discarded.
A. Still-frame Text Detection
The method applied for still-frame text detection here is a
newly proposed method [1], which is a FCN segmentation [25]
based method. As is shown in Fig. 2, the framework is
constructed with fully convolutional networks, except for the
last Non-Maximum Suppression (NMS) layer. In the test stage,
the system takes an image at the size of m × n as input,
n
and outputs a m
4 × 4 feature map with 9 channels. At every
pixel in the output map, a 9-dim vector corresponds to the
score of this pixel and the coordinates of four corners of
the quadrilateral bounding box. Finally, NMS is applied to
suppress those proposals with low scores. In experiment, the
NMS threshold is set to 0.7.
B. Local Motion based Text Tracking
As still-frame scene text detection is not perfect, some texts
may be missed in certain frames while detected in adjacent
frames. These missed texts are typically resulted by low
detection scores due to motion blur or low contrast. However,
these missed texts can be partly recalled by tracking because
adjacent frames are highly correlated, and the detection results
should also be highly correlated both in spatial locations and
detection scores. Based on this, we propose a motion-based
tracking method based on Median Flow Tracker [26]. For
each text, the mean optical flow vector within the bounding
box of the region proposal is calculated, then the bounding
box of the text is propagated to the next frame according to
the mean flow vector. Besides, they share the same detection
score. An illustration example shown in Fig. 3 demonstrates
the performance of text tracking. In this experiment, we set
the tracking length to 7 frames (i.e., 3 frames forward and 3
backward).
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Figure 3. An example of the motion based text tracking in 3 consecutive
frames. (a) shows text detection results before tracking. Some texts are missed
in certain frames, e.g., the 3rd frame missed more texts than previous two
frames. (b) indicates the effect of motion based tracking. Some texts are
recalled back in each frame. Besides, some tracked texts are highly overlapped
with detections.
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Figure 4. An example of the cost-flow network with 3 frames and 8 text
candidates in total. The numbers of text candidates are 2,3 and 3 in order.
Each candidate is represented by a pair of vertex in the network flow, (ui , vi ),
as is shown in orange. Text candidates in consecutive frames are connected
with transaction edge, (vi , uj ), in blue. A source s and a sink t are added,
and linked to all text candidates with enter/exit edges, in green. The bold flow
from s to t is a possible text trajectory.

C. Global Text Network Flow
Text trajectories are extracted globally by formulating the
text association problem into a cost-flow network [27], which
is solved by a min-cost flow algorithm. In the following, we
first give the formulation of the network, and then present the
min-cost flow solution.
Let X = {xi } be a set of text candidates, each of which is
a detection/tracking response, xi = (xi , ci , si , ai , ti ), where
•
•
•
•
•

xi is the center coordinates.
ci is the confidence score.
si is the shape including height and width.
ai is the appearance represented by normalized histogram
in RGB space, each channel 32-dim and 96-dim totally.
ti is the frame index of the text candidate.

cost-flow network can be denoted as follows:
X
X
T ∗ = argmin{
Cen,i fen,i +
Ci fi +
T

X i
Xi
Ci,j fi,j +
Cex,i fi,ex }
i,j

(1)

i

We define edge costs as Eq. (2)(3) following [27] with small
modification of Ci , based on the assumption that candidates
with larger probability are more likely to be text.
1 − P (xi )
),
Ci,j = − log(Plink (xj |xi )) (2)
P (xi )
= − log(Pentr (xi )),
Cex,i = − log(Pexit (xi )) (3)

Ci = log(
Cen,i

Four parameters P (xi ), Plink (xj |xi ), Pentr (xi ) and
Pexit (xi ) are involved above. Here we define P (xi ) as the
text confidence score.

A text trajectory hypothesis is defined as an ordered list of
text candidates, i.e., Tk = {xk1 , xk2 , . . . , xklk }, and a set of
text trajectory hypotheses is denoted as T = {Tk }. With the
P (xi ) = P (text|xi )
(4)
reasonable hypothesis that a text candidate belong to only one
trajectory, the text association problem is formulated into a The model of Plink (xj |xi ) employs information including
position, shape and appearance differences.
cost-flow network G(X ).
Text Network Flow have three types of edges, observation
Plink (xj |xi ) = P (xj |xi )P (sj |si )P (aj |ai )
(5)
edges (ui , vi ), transaction edges (vi , uj ), and enter/exit edges
(s, ui )/(vi , t), as illustrated in Fig. 4. First, each text candidate The position and shape terms are assumed to be normal
ui links to a copy of itself vi with an observation edge. distributed; parameters are learned from training data.
Observation edge cost Ci estimates the likelihood of P (xi |T ),
P (xj |xi ) = N (xj − xi ; mx , σx2 )
(6)
which means how likely xi is a true text. Second, text
2
P (sj |si ) = N (sj − si ; ms , σs )
(7)
candidates in each frame are linked with candidates in the next
frame with directed edges, i.e, transaction edges. Transaction For the appearance model, two normalized RGB histograms ai
edge cost Ci,j estimates the similarity between candidate vi and aj are extracted from xi and xj , and P (aj |ai ) is defined
and uj , i.e., P (xj |xi ). Third, a source s and a sink t are created as the Bhattacharyya distance.
with edges linked to all candidates, where edges connected to
Xq
P
(a
|a
)
=
aik ajk
(8)
the source has an entry cost Cen,i and edges connected to the
j i
k
sink has an exit cost Cex,i . Then the objective function of the

Even though each candidate can be the start/end of a
trajectory, they are supposed to have different enter/exit cost
Cen,i ,Cex,i at different position of a trajectory. Obviously
candidates in the middle of a trajectory should have larger
Cen,i ,Cex,i than candidates in the start/end of a trajectory.
Inspired by [24], we define Pentr (xi ) as follows,
Pentr (xi ) = 1 − max(Plink (xi |xj )), j ∈ {J|(vj , ui ) ∈ E}
j

(9)

where j denotes all possible links from vj to ui , if no j found,
Pentr (xi ) is set to 1. The parameter Pexit (xi ) is similarly
defined as follows,
Pexit (xi ) = 1 − max(Plink (xj |xi )), j ∈ {J|(vi , uj ) ∈ E}
j

(10)

Eq.(9) makes sense because that if Plink (xi |xj ) is large,
which means vj and ui are similar and likely to be included in
a flow, i.e., ui is unlikely to be the start of a flow. Meanwhile,
the Cen,i is large according to Eq. (3). On the contrary, if
Plink (xi |xj ) is small, then vj is unlikely to be the preceding
of ui , and Cen,i is small.
Fig. 4 shows a simple illustration of the flow network
construction process. Meanwhile, considering there are always
multiple overlapped candidates for a text in each frame, as
is shown in Fig. 3, we utilize NMS to remove overlapped
candidates with a conservative threshold 0.8. Besides, transfer
edges with Ci,j > 1 are discarded. Enter/exit edges follows the
same rule. The network flow can be optimized in polynomial
time by a min-cost flow algorithm [28]. The entire optimization
process is described in Algorithm 1.
Algorithm 1 Text tracking with cost-flow network
Input: Network flow G(X ) with all edges precomputed
Output: Extracted text trajectories T = {Tk }
1: repeat
2:
Set the max flow number to 1.
3:
Optimize the cost-flow network with algorithm [28],
and get the flow Tk and the cost Cost(Tk ).
4:
Trace Tk and get {xk1 , xk2 , . . . , xklk }.
Remove candidates xi that overlap more than 50%
5:
with xkj in each frame and update network flow G
6: until Cost(Tk ) > 0

D. Post Processing

Table I
C OMPARISON OF METHODS ON M INETTO DATASET.
video
v1
v2
v3
v4
v5
average

Minetto et al.
p
r
0.55
0.80
0.57
0.74
0.60
0.53
0.73
0.70
0.60
0.70
0.61
0.69

[10]
f
0.63
0.64
0.56
0.71
0.63
0.63

Tian
p
0.82
0.92
0.73
0.88
0.89
0.85

et al. [24]
r
f
0.70
0.76
0.81
0.86
0.64
0.68
0.82
0.85
0.87
0.88
0.77
0.81

Proposed method
p
r
f
0.92
0.83
0.88
0.89
0.93
0.91
0.84
0.84
0.84
0.96
0.82
0.89
0.84
0.76
0.80
0.89
0.84
0.86

Table II
C OMPARISON OF METHODS ON ICDAR 2015 VIDEO SCENE TEXT
DATASET (%).
Method
Proposed
Deep2Text I [24]
AJOU
StradVision

MOTP
79.28
71.01
73.25
70.82

MOTA
66.34
40.77
53.45
47.58

ATA
60.84
45.18
38.77
32.12

text dataset. The former dataset has mostly horizontal texts and
the latter contains multi-oriented texts. For fair comparison, we
also list recent state-of-the-art methods on these benchmarks.
A. Datasets
1) Minetto dataset: This dataset2 is published in [10]. It
is annotated with bounding boxes of each word. It contains
5 videos with frame size of 640 × 480 pixels for test, and is
evaluated with the well-known metrics precision p, recall r,
and f -measure defined in [29].
2) ICDAR 2015 video scene text dataset: This dataset
contains a training set of 25 videos (13450 frames in total)
and a test set of 24 videos (14373 frames in total). It was
collected by the organizers in different countries, including
text in different languages, covering indoors and outdoors
scenarios. Unlike previous datasets where videos are captured
in low-resolution, this dataset is collected with 4 different types
of cameras and different resolutions, ranges from 720 × 480 to
1280 × 960. Besides, the annotation for affine bounding boxes
comprises 4 corner points, i.e., 8 coordinates. The evaluation
of the results is based on an adaptation of the CLEAR-MOT
evaluation framework [30]. As is shown in Table II, “ATA” is
the most important evaluation metric in ICDAR 2015 “Text in
Videos” Challenge [15].

Texts in videos always stay stable for a time so that people
can recognize them. Thus it is reasonable to assume that the B. Experimental Results
length of text trajectories are longer than a given threshold.
1) Minetto Dataset: The results of our method are shown in
Considering that 7 frames are tracked in the tracking stage, we Table I, compared with other representative results. It is shown
set the minimum length of trajectories to be 10. Besides, for that our proposed method outperforms two previous methods
each trajectory, we get the mean confidence of text candidates on four of the five videos. The average f-measure is promoted
as the confidence of a trajectory. Trajectories with mean by 5% compared with [13]. Part of detection results are shown
confidences less than 0.8 are removed.
in Fig. 5(a). As is shown, almost all texts are detected and
tracked correctly. Single character word “P” is missed because
IV. EXPERIMENTS
that [1] detects single character word not well.
We evaluate the video text detection performance on two
2 http://www.liv.ic.unicamp.br/∼minetto/datasets/text/VIDEOS/
benchmarks: the Minetto dataset and ICDAR 2015 video scene

Table III
M IN - COST FLOW BASED TRACKING WITH DIFFERENT SINGLE FRAME DETECTION METHOD ON M INETTO DATASET
Video
v1
v2
v3
v4
v5
average

DDRT
p
0.82
0.77
0.81
0.52
0.63
0.71

[1] before
r
0.84
0.95
0.84
0.46
0.63
0.74

tracking
f
0.83
0.85
0.83
0.49
0.63
0.72

DDRT
p
0.92
0.89
0.84
0.96
0.84
0.89

[1] after tracking
r
f
0.83
0.88
0.93
0.91
0.84
0.84
0.82
0.89
0.76
0.80
0.84
0.86

2) ICDAR 2015 Video Scene Text Dataset: The results shown
in Table II indicate that the proposed method outperforms
previous ones by a large margin in all metrics. The winning
algorithm in ICDAR 2015 “Text in Videos” Competition,
i.e., Deep2Text I [15], reported a ATA of 45.18%, while
our proposed obtains 60.84%. The superior performance can
be explained by the multi-oriented text detector in singleframes and the text network flow based tracking method that
globally utilized temporal information along the whole video
frames. Some examples of our detection results are shown
in Fig. 5(b)(c)(d). As is shown, heavily inclined texts can be
detected efficiently. In Fig. 5(b) almost all texts are detected
and tracked correctly, but some noises still exist. Fig. 5(c)
shows trajectories which include ID-Switches in the first two
frames. Fig. 5(d) shows bad detection results due to motion
blur.
C. Analysis of Text Network Flow
To further demonstrate the effectiveness of the text network
flow based tracking method, we compare the performance of
the proposed method before and after tracking on Minetto
dataset. As is shown in Table III, where DDRT [1] refers to the
scene text detection method applied in the proposed framework,
it is obvious that after tracking, the precision rate increases by
18%. The recall rate also increases by 8%. We also change
the text detection method into CTPN3 [18] to demonstrate that
the network flow based tracking method can fit other scene
detection methods as well. The precision increased from 66%
to 84% after tracking with CTPN as the still-frame text detector,
and the recall rate increases by 4%. We did not compare CTPN
with our method on ICDAR video scene text datasets because
the performance of CTPN on heavily inclined texts is not very
good.
V. CONCLUSION
We propose a video text detection method based on network flow. Using a recently proposed FCN based scene text
detection method on video frames, combining motion-based
local tracking and network flow based global tracking to
extract text trajectories. The proposed method can utilize
spatial and temporal information efficiently, and have yielded
state-of-the-art performances on benchmark datasets, with
remarkable improvements over previous methods. For higher
3 We

used the code implemented on https://github.com/tianzhi0549/CTPN.

CTPN
p
0.46
0.58
0.80
0.64
0.80
0.66

[18] before
r
0.63
0.80
0.75
0.74
0.85
0.75

tracking
f
0.53
0.67
0.78
0.68
0.82
0.70

CTPN
p
0.80
0.80
0.85
0.90
0.82
0.84

[18] after
r
0.69
0.80
0.78
0.80
0.84
0.79

tracking
f
0.74
0.80
0.81
0.85
0.83
0.81

performance, our future aims to reduce the errors of tracking
and word segmentation by taking into account more contextual
information.
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