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Interactive Hierarchical Object Proposals
Mingliang Chen, Jiawei Zhang, Shengfeng He, Qingxiong Yang, Qing Li, Ming-Hsuan Yang

Abstract—Object proposal algorithms have been demonstrated
to be very successful in accelerating object detection process.
High object localization quality and detection recall can be
obtained using thousands of proposals. However, the performance
with a small number of proposals is still unsatisfactory. This
paper demonstrates that the performance of a few proposals can
be significantly improved with the minimal human interaction a single touch point. To this end, we first generate hierarchical
superpixels using an efficient tree-organized structure as our
initial object proposals, and then select only a few proposals
from them by learning an effective Convolutional Neural Network (CNN) for objectness ranking. We explore and design
an architecture to integrate human interaction with the global
information of the whole image for objectness scoring, which is
able to significantly improve the performance with a minimum
number of object proposals. Extensive experiments show the
proposed method outperforms all the state-of-the-art methods for
locating the meaningful object with the touch point constraint.
Furthermore, the proposed method is extended for video. By
combining with the novel interactive motion segmentation cue
for generating hierarchical superpixels, the performance on a
single proposal is satisfactory and can be used in the interactive
vision systems such as selecting the input of a real-time tracking
system.
Index Terms—Object Proposal, Interactive Extraction, Transfer Learning.

I. I NTRODUCTION
Object proposals detection is proposed to replace the traditional sliding window strategy in object detection [1], [2], [3].
It aims to produce a number of bounding boxes that cover all
the objects in the image. As a result, recent approaches [4], [5],
[6], [7], [8], [9], [10], [11], [12], [13], [14], [15], [16] generate
thousands of object proposals to maintain a high object detection rate and localization quality. However, the performance
with a small number of proposals is unsatisfactory, e.g., [9] is
the state-of-the-art with 10 proposals, but only 55.2% recall is
obtained with IoU threshold 0.5 in PASCAL VOC2007 [17].
The recall of the fastest proposal approach, Bing [13], drops to
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Fig. 1: Examples of top-3 interactive object proposals (colored by
blue, cyan and yellow in descending order) generated by the proposed
approach with a given touch point of an object (green cross). The
ground truth is colored by red. The target object can be extracted with
respect to different challenges. (a) Complex shapes. The bounding
box is difficult to include the entire object due to its irregular shape.
(b) Similar objects. The bindings of the similar objects lead to
the object proposals include one or several objects. (c) Attached
objects. The touching objects are intrinsically hierarchical which are
ambiguous for proposal generation (e.g., it can be the clothes, the
baby or the adult). (d) Crowded scene. The target object shares similar
features with its neighboring objects.

37.3%. On the other hand, efficiently extracting objects with
a minimum number of bounding boxes is of great importance
for fundamental computer vision research. We address the
above problems by involving the minimum human interaction,
a single touch point, to generate a few object proposals for
representing the target object. As shown in Fig. 1, given a
touch point on an object at an arbitrary location of the object, it
provides hints, like appearance or object location, of the target
object. This information can be leveraged to extract objects in
challenging scenarios. The way we obtain user annotation is
almost effortless and can be completed in a very short time.
As a consequence, it can be applied to many interactive vision
systems, e.g., to generate an initial bounding box for visual
tracking [18] or to accelerate the annotation tasks [19]. Point
annotation is flexible, especially for the real-time system of the
handheld terminals, as it is difficult to input an exact bounding
box for the object.
To address the proposed new problem, we start with adopting Superpixel Hierarchy (SH) [20], which is a spanning tree
image structure for efficiently generating hierarchial superpix-
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els. The extracted SH is able to obtain any number of superpixels (e.g., from one to image size). More importantly, the
computational complexity of the adopted superpixel method is
independent of the number of superpixels. The bounding boxes
enclosing the generated superpixels are treated as our initial
object proposals. Then we train a CNN to compute objectness
score for the hierarchical bounding boxes and obtain the
top-N ones as final outputs. Specifically, we train a generic
object representation by adopting the knowledge from image
classification task on ImageNet [21]. On the other hand, the
proposed network is designed to integrate the touch point into
objectness scoring network. Particularly, we propose to use the
whole image as input, with extra weighted mask channel to
represent the bounding box and the information of touch point
location, as shown in Fig. 2. Unlike Deepbox [22] which takes
cropped patches as input, the proposed method learns to rank
object proposal according to a global context. Additionally,
the touch point mask generated by Gaussian kernel is used to
train a location-aware ranking model. Furthermore, we extend
the proposed approach to video application. We propose an
interactive motion segmentation method and use it as a new
cue for SH [20] to generate superior hierarchical superpixels
for a moving object in a video.
The main contributions of this paper are summarized as
follows:
1) We exploit the minimal user interaction to train the
location-aware network for object selection problem.
Unlike the state-of-the-art methods that obtain lower
than 20% recall with a single object proposal (in PASCAL VOC2007 with 0.5 IoU threshold), the proposed
approach achieves around 50% recall.
2) We propose to train a neural network by adopting the
whole image with bounding box mask. The trained
network can learn to select a small number of diverse
object proposals. As a result, it can also be used to rerank
proposals from the other methods effectively.
3) We extend the proposed method to video applications
by proposing a new interactive motion segmentation cue
with geometric transformation and distance transform.
Our proposed approach can work well and fast with only
two consecutive video frames and a single touch point.
4) We combine the interactive motion segmentation with a
learned semantic representation of objectness by CNN to
improve the localization quality of the extracted moving
object. The proposed framework is further demonstrated
in real-time visual tracking.
II. R ELATED W ORK
The proposed interactive object proposals detection is related to numerous areas, which can be discussed from four
aspects.
Interactive Image Segmentation. Some interactive approaches have attracted great interests in computer vision tasks,
especially in image segmentation. It enables the user to provide
extra input for accurately segmenting objects of interest. There
are different types of user input in image segmentation, including scribbles [23], [24], [25], [26], [27] on the desired object
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and background, two touch points to indicate a bounding
box [28], [29], [30], [31] that fully enclosed the object and
even single touch point segmentation [32] [33]. Similar to
our interaction method with only single touch point, [32]
proposes a “Segmentation-by-Composition” approach by using
a unified non-parametric score to describe and compose the
segments, and [33] combines multiple low-level cues in level
set paradigm to extract the desired object. They endeavor to
entire foreground segmentation from the complex objects like
shown in Fig. 1 (a), however, they are limited in extracting
the similar objects or attached objects in the crowded scene
like shown in Fig. 1 (b), (c) and (d). It is because they lack
the knowledge of general objects [34], and the ambiguity
led by a single touch point prevents extracting the entire
object with only one segment. Thus, instead of solving the
problem of explicitly partitioning an image into two nonoverlapping regions with touch point, we solve it from object
proposal perspective by generating multiple overlapping object
proposals.
Object Proposal. In general, object proposal can be separated
into two groups. One is objectness estimation approaches,
which assign objectness scores by the ranking model to select
object proposals from the initial bounding boxes. Among
various cues used in these models, edge related features are
mostly utilized and have been demonstrated their efficiency
and effectiveness in [5], [6], [12], [13], [35], [36]. Recently,
saliency detection [37], [38], [39] is also treated as a useful
cue for object proposal. The other category is segmentation or
superpixel based approaches, which is more prevalent and is
also adopted in our method. These approaches generate sets of
segments that are likely to merge as object region candidates.
These candidates are ranked by considering different cues
including color, texture, location, and size, etc. [4], [5], [7],
[8], [10], [14], [40], [41], measuring the objectness based
on energy minimization [41], [42], [43] or learning to score
the proposals [9], [15], [44]. They are common to utilize
multiple segments in different scales with various features for
improving the proposal quality, consequently, require more
computation cost. Additionally, the insufficiency of a compositive feature to rank those bounding boxes results in the
low recall with a few proposals. The proposed approach can
learn mid-level representation in the scoring function, and
thus improve the recall with a minimum number of proposals
significantly and efficiently.
CNN for Object Detection. Although the traditional distributional learning approaches for object detection are efficient
[45], most of state-of-the-art object detection systems use CNN
to classify the hypothesized bounding boxes. These networks
can be divided into two established classes, one including the
generation of category-independent object proposals and the
other directly related to category-dependent classification. The
first set of approaches [22], [46], which is the most relevant
work to ours, improve the quality of object proposals by
deep convolutional networks. DeepBox [22] starts from the
architecture of [47] and then gradually ablate it to a lightweight
network for ranking the object proposals from those approaches based on low-level image features. However, by using
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cropped image patches for classification, it is uncertain to
assign an exact score to a proposal with only local features.
Thus, its capability to ranking is still limited and can be further
improved when apply our proposed CNN by considering
the global information. Faster R-CNN [46] uses the Region
Proposal Network (RPN) for object proposal prediction with a
fixed set of default bounding boxes in each location and then
use these proposals to pool features for category-dependent
classification. While the RPN still generate a lot of object
proposals for object detection task, our proposed network can
generate a few hierarchical object proposals which easily incorporated with user interaction for location-aware reranking.
Another set of approaches [48], [49], [50] skip the step of the
generation of object proposals and directly classify bounding
boxes for those designated categories. OverFeat [48] use one
default box per location and Yolo [49] use several default
boxes from the topmost feature map. SSD [50] is superior to
both by considering multi-scale convolutional bounding boxes.
However, they are all for category-dependent prediction and
approximately reproduce RPN when for category-independent
classification. Our network also adopts the hierarchical structure for the initial object proposals, and it is suited to categoryindependent object proposals.
Interactive Video Segmentation. With respect to the interactive video segmentation, most of the approaches require human
intervention in a short period with temporal connections modeled by Markov chains. [51] and [52] model spatiotemporal
coherency using user input, appearance, boundary saliency,
optical flow or point trajectories. LIVEcut [53] propagates
the user interactions frame by frame with a graph-cut optimization framework. In [54], Spampinato et al. propose to
collect human inputs on object locations from a web game
and achieve accurate segmentation by optimizing an energy
function with spatiotemporal constraints from object regions
as well as human interactions. However, all these ways still
require substantial or complex user interactions for online
videos. Moreover, tracking and propagating the temporal user
interactions and object segmentation to extract the target are
very time-consuming for obtaining satisfactory results. We
propose to just click on an object is a natural and almost
effortless choice in cognitive development [55]. Our proposed
approach can work well with only two consecutive video
frames and a single touch point. The high computation cost for
the propagation is exempt, and thus it can run very efficient.
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object proposals and then present the detailed architecture of
the proposed CNN for proposal ranking.
A. Superpixel Hierarchy
Unlike previous superpixel approaches which generate a
fixed number of superpixels at one time, the structure of
[20] exploited here can concurrently generate all scales of
superpixels, and the superpixels of the same scale conform
to a tree topology. These superpixels are with different sizes
and thus can be used as initial object proposals.
Specifically, the input image is treated as a connected,
undirected graph G = (V, E). The vertices V are all the image
pixels and the edges E are all the edges between the nearest
neighboring pixels. Consider G as a forest with n trees, and
initially one vertex itself is a tree. For each tree T1 , to find its
nearest neighbor T2 which is connected by the lightest edge,
and join them together. Formally, T1 forwardly merge with T2
when identify their distance d(T1 , T2 ) is minimal, which can
be defined as
d(T1 , T2 ) =

min

vi ∈T1 ,vj ∈T2 ,(vi ,vj )∈E

W [(vi , vj )]

(1)

where W [(vi , vj )] is an edge weight function by considering
different features and the edge is connected by vi and vj .
The tree merging process repeats until only one tree is left.
Additionally, [20] speeds up the computation at the expense of
performing the edge contraction to update G, and following
a dynamical adjustment in the weights of edges after each
tree merging, thus we can extract the hierarchical superpixel
segments (from the touch pixel only to the whole image)
efficiently. Generally, we can adopt [20] to segment a 480×320
image into different scales of superpixels in only 31 ms. Those
superpixels containing the touch point are enclosed by the
bounding boxes which are used as our initial object proposals.
To further improve the localization quality, multiple superpixels should be generated in each scale conform to multiple
tree topology by diversifying feature combinations in presenting the weight of edges to measure the distance between
two neighboring trees. However, we only adopt the color
distribution and edge contour in SH as our basic fast solution.
Instead of diversifying feature combinations in SH, we directly
obtain initial proposals by Multiscale Combinatorial Grouping
(MCG) [14] for superior localization quality with higher
computational cost. We then rerank them by our trained CNN
as our accurate solution.

III. I NTERACTIVE O BJECT P ROPOSALS FOR I MAGE
Similar to the pipeline of general object proposal approach,
we start with generating the initial object proposals, according
to a given touch point. Since objects may with arbitrary shapes
and scales, the initial proposals should capture all scales of the
touch object. Besides, generating initial proposals should be
fast enough for the practical interactive application. Wei et
al. [20] provide a suitable structure for this application, which
can obtain any number of superpixels in different scales in one
computation (i.e., its computational complexity is independent
of the number and scale of superpixels). In this section, we
first introduce the way we adopt [20] to generate the initial

B. Network Architecture
We train the CNN for ranking initial unsorted object proposals from superpixel hierarchy with the network architecture
of AlexNet [47] (see Fig. 2). Different from [56] [22] which
crop image patches and use their RGB channels as input, our
network takes four channels input by integrating the RGB
channels of the whole image with the additional mask channel
composed of the bounding box mask and the distance mask
of the touch point. The inputs are resized to 224 × 224.
The network outputs the binary prediction of whether the
input contains an object or not. This network is composed of
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Fig. 2: Illustration of trained CNN by transferring parameters from the network architecture of [47]. Since pre-trained parameters of the
internal layers C2-FC7 of the network contain generic mid-level image representations, we transfer them to our network and then fine-tune
them for a binary classification (object or not) by training two new adaption layers, C1 for multichannel input and FC8 for the remap to
binary labels. The construction of the multichannel input is explained at the bottom row.

five successive convolutional layers followed by three fully
connected layers. Since AlexNet [47] contains millions of
parameters, it is difficult to learn optimal parameters directly.
Additionally, its internal layers learnt from the large-scale
ImageNet dataset [21] can be treated as generic mid-level
image representations which are less likely to be biased for
certain object categories. Thus we transfer its pre-trained
parameters of internal layers C2 ... C5, FC6 and FC7, and
then these layers are fine-tuned for adapting to our task. Two
new adaption layers C1 for the four channels input and FC8
for the binary labels are added to the network. Specifically,
for connecting to the internal layers, a new convolution layer
C1 filters 224 × 224 × 4 input images with 96 kernels of size
11 × 11 × 4 and a stride of 4. On the other hand, a new fully
connected layer FC8 uses the output vector Y7 of the layer
FC7 as input, which potentially captures the mid-level generic
object representations as well as the high-level configurations
[57]. The final binary outputs pass through softmax nonlinear
activation functions.
Bounding Box Mask. Since the whole image is used to replace the cropped patch, an extra input is required to represent
the object proposal in the network. In our solution, we use a
bounding box Gaussian mask as the 4-th channel. This mask
is composed of two parts, the bounding box binary mask and
touch point Gaussian mask, as shown in the bottom part of
Fig. 2. The bounding box binary mask is generated to refer
the location of bounding box by simply marking the pixels
inside and outside the bounding box as 1 and 0 respectively,
while the touch point Gaussian mask is used to train a locationaware network to distinguish the select object from others. Let
(x1 , y1 ) be the location of touch point in the image, and a

Gaussian mask is generated to represent its location, in which
pixel intensity I of (x, y) is
(x − x1 )2 + (y − y1 )2
).
(2)
σ2
The final bounding box Guassian mask used in the network is
obtained from the bounding box binary mask multiply touch
point Gaussian mask element by element.
I(x,y) = exp(−

C. Network Training
First, we transfer the parameters from the pre-trained network [47] for the classification task on 1000 categories. For
a new task in a different dataset which may contain multiple
and overlapped objects at various scales of the complex scene,
we train the adaptation layer by initialized randomly from a
Gaussian distribution with σ = 0.01 and fine tune the internal
layers of the network for mid-level representations of generic
objectness.
Training on object proposals from SH. Since the objective of
the network is to distinguish how good an object proposal is,
it is better to uniformly generate training samples in different
IoUs with the ground truth. While training samples with sliding windows squint towards for the distinction between object
and background, we focus on the hard negatives samples by
training with the bounding boxes generated from the adopted
SH which should intersect with the ground truth. Specifically,
for each training object, we generate hierarchical bounding
boxes containing the center of ground truth so that the training
samples can overlap with the object from multiple
scales. In

the experiment, we fix the scales used are in 2, 22 , ..., 210
superpixels of SH. The relatively uniform training samples
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can be obtained by this way. To further balance the training
data distributed in different IoUs, we classify the training
samples into 10 categories with different ranges of IoU
{0 − 0.1, 0.1 − 0.2, ..., 0.9 − 1.0}. In each mini-batches, we
resample the training data for the stochastic gradient descent
training by randomly selecting the equal numbers of bounding
boxes from different categories of IoUs. Thus, the trained
network can be learnt to distinguish the object from different
IoUs. Furthermore, we discard the samples whose IoUs fall
into the interval between 0.3 and 0.7 to avoid them confuse
the network, and then label the samples whose IoU ≥ 0.7 as
positive and IoU ≤ 0.3 as negative.
Training on different networks. To explore the benefit of the
new adaption layer C1 in the proposed network for scoring
the bounding box, we train different networks by adjusting
the structure of C1. First, to demonstrate C1 with the global
information from the whole image is superior to the cropped
patch adopted in DeepBox [22], we trained a network with
the cropped region from the whole image according to the
bounding box. Thus, the input is changed to only RGB
channels, and we adjust the structure C1 to filter the input
with kernels of size 11 × 11 × 3. This network is named
as DeepBox Patch CNN. For comparison, we also test the
weighted mask in another type of network. The network is
trained with four channels input by keeping the same structure
of C1 without utilizing the information of touch point. That is
to say, we directly use the bounding box binary mask in Fig.
2(c) as the 4-th channel input. The second network is named
Binary Mask CNN. As shown in Fig. 3, Binary Mask CNN
is superior in sorting bounding box compared with DeepBox
Patch CNN while it considers the global information in the
whole image, although the extra channel in the input slows
down the computation a bit. On the other hand, to demonstrate
the touch point Gaussian mask is location-aware, we trained
our network by using the training samples generated from
the central point of the object. It brings into the center-bias
property. However, this is satisfied with the assumption that
people tend to touch the point around the center and anyhow
far away from the boundary. Thus, we call it Center-bias Mask
CNN and used in our proposed approach since it is specialized
for interactive object proposal. When compared with Binary
Mask CNN, it performs better when the human interaction
occurs near the center of the object without influencing its
overall ranking ability with respect to the touch points in other
locations. The comparisons for verifying our exploration in the
proposed network are shown in Section V-B.
IV. I NTERACTIVE O BJECT P ROPOSALS FOR V IDEO
Here we extend the proposed approach to video application. We use the same network to rank the object proposals
meanwhile consider more useful features from the consecutive
video frames to generate hierarchical superpixels by [20]. For
a single image, depending on the color and edge features is
far more enough to generate good segmentations for complex
objects in the challenging scene. We then propose to use
interactive motion segmentation cue for [20] to generate

(a) RGB Image

(b) Bounding Box Mask

(c) Cropped Patch

Fig. 3: Examples of different inputs between Binary Mask CNN and
DeepBox Patch CNN. (a) The whole RGB image with the touch
point (green cross), the object proposal (blue bounding box) and the
ground truth (red bounding box). (b) The bounding box binary mask
corresponding to the object proposal in (a). (c) The cropped patch
corresponding to the object proposal in (a). In DeepBox Patch CNN,
it takes (c) as inputs, and then supposes both are the same bad object
proposals since they only include part of the vehicles. Moreover, this
ambiguous setting will confuse the training process. However, Binary
Mask CNN considers the global information by taking (a) and (b)
together as inputs, thus it is more certain to determine the quality of
object proposals (e.g., the object proposal in the left bicycle can be
given higher objectness score).

hierarchical superpixels since the performance of the net is
enormously influenced by the initial segments.
Inspired by the methodology adopted in most of the video
foreground segmentation approaches [58], [59], [60], [61],
which is to estimate the view geometric transformation from
the consecutive video frames and then label the regions beyond
the estimated transformation as foreground, we estimate the
homograph transformation and compute the motion-based
transformation error score (MTES) for each pixel. Furthermore, by considering the touch point, we generate an interactive motion map from MTES by using distance transform with
respect to a set of seed nodes. We finally use the boundaries
of the interactive motion map as the new constraint in [20] for
the generation of superpixel hierarchy.
To compute the MTES for each pixel, we first estimate the
optical flow from the consecutive video frames by the TVL1 algorithm [62], [63] for efficiency. We assume the dense
point correspondences between two frames can be obtained
directly from the optical flow estimation. The matching points
are then used for the estimation of homograph transformation
H by RANSAC. Once H obtained, we can assign the MTES
for each pixel pi as
mtes(pi ) = exp(−

(xpi ,h − xpi ,f )2 + (ypi ,h − ypi ,f )2
) (3)
σe2

where (x, y) is the location of pi , (xh , yh ) is the location
of pi after estimated homograph transformation, (xf , yf ) is
the location of pi after adding the motion vector from optical
flow estimation, and σe controls the normalization of the
error score. When most of the scene are background pixels,

1051-8215 (c) 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2017.2775446, IEEE
Transactions on Circuits and Systems for Video Technology
IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY

(a) Video frame

(c) Distance transform

(e) with motion

(b) MTES map

(d) MST-based filtering

(f) without motion

Fig. 4: Sample processing results of the proposed interactive motion
map. (a) Video frame with the touch point (green cross). (b) MTES
map generated from (a) and its next video frame. (c) Interactive
motion map after distance transform in (b), with an adaptive contrast
enhancement. (d) Interactive motion map after MST-based edgepreserving filtering to enhance the segmentation boundaries. (e) Best
interactive object proposal from the generated hierarchical superpixels
by [20] with boundaries of (d) as the additive edge cost. (f) Best
interactive object proposal from the generated hierarchical superpixels
only with boundaries of (a) as the edge cost.

the mtes(pi ) becomes the indication of the likelihood of pi
belonging to background pixels. Instead of this restriction, we
generate an interactive motion map with the touch point for
denoting the likelihood of pi belonging to the touch object.
It can be easily achieved by distance transform with respect
to a set of seeds S. Generally, an image frame is tread as a
planar graph. Let π = {π(1), π(2), ..., π(n)} denote a path
on the grapy, where π(k) and π(k + 1) are adjacent pixels
on the image. By given a distance measure d(π), the distance
transform D(pi ) for a pixel pi can be defined as
D(pi ) =

min
Q
π∈ S,p

d(π),

(4)

i

Q
where S,pi denotes the set of all paths connecting pi and
a pixel in S. Consider that only the touch point as S is not
robust, we use all the pixels in a superpixel containing the
touch point by separating the image into 1024 superpixels
with [20]. Recently, the minimum barrier distance [64], [65] is
shown to be more robust than geodesic distance [66], [67] for
salient object detection [68]. Thus, we use the barrier distance
metric dBD (π) in (4), which is defined as
n

n

k=1

k=1

dBD (pi ) = max mtes(π(k)) − min mtes(π(k)).

1
,
1 + exp(−α(D(pi ) − γ))

where α controls the overall sharpness which is set 20 in the
experiments, and γ is an adaptive threshold using Otsus binary
threshold method [71]. Finally, we adopt the MST-based
edge-preserving filtering [70] to enhance the segmentation
boundaries as the approach applied in background subtraction
[72] which is very efficient. Sample processing results of the
proposed interactive motion map are shown in the Fig. 4 (a-e).
We then utilize edge detection to locate the edge points for the
interactive motion map to approximate object boundaries and
use it as a new constraint to generate hierarchical superpixels
with [20]. As shown in the Fig. 4 (e-f), the boundaries of
the interactive motion map is a stronger cue additive to the
boundaries from a color image. They impose the pixels inside
the motion boundaries of the touching object to generate
the hierarchical superpixels first for greatly decreasing the
interference by the similar pixels outside the boundaries.
V. E XPERIMENTS
We conduct comprehensive experiments to demonstrate the
proposed approach can generate better object proposals with
single touch point efficiently compared with other state-of-theart approaches.
A. Experiments on Pascal VOC 2007
We first evaluate our approach on PASCAL VOC 2007
[17] for interactive object proposals. The VOC 2007 dataset
contains 9963 natural images of 20 object categories, from
which 5011 images contain 15662 objects are used for training
and validation, and 4952 images contain 14976 objects are
used for testing. We train the proposed Center-bias Mask CNN
with training images and then use it to sort the generated object
proposals in testing images.
As Section III-A explained, the initial unsorted object
proposals are generated by the efficient SH as the basic
solution and the MCG [14] as the high-performance solution at the expense of high computational time. Since using
CNN to rank hundreds of object proposals will increase the
computation cost, we only obtain 10 initial object proposals
from hierarchical segments containing the same touch point
(in 2, 22 , ..., 210 superpixels of the image), named SH-10
in the experiments. Therefore, two approaches are used in

(5)

The distance transform with a minimum spanning tree
(MST) has been demonstrated it has constant complexity
for each pixel regardless of the distance metric used [69].
Benefit from the tree topology used in superpixel hierarchy,
the proposed approach is also linear in the number of pixels
with the construction algorithm described in [70]. We further
apply postprocessing with an adaptive contrast enhancement
as the following sigmoid mapping
Dp (pi ) =

6

(6)

(a) 5 Categories of Touch Point

(b) Recall vs. IoU Curve

Fig. 5: Illustration in (a) for how we divide the locations of simulating touch points into 5 regions from center to boundary in the
experiments, and (b) the Recall vs. IoU Curve of the proposed SH-10
+ Center-bias Mask CNN, from which the curve in a certain color
corresponds to the region with the same color in (a).
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TABLE I: Detection recall comparison of different approaches with different numbers of proposals on VOC2007 test dataset. The best
performers in all are shown in red color, and the best performers within 1s computation time in CPU are shown in blue color as a trade-off.
Near Center
IoU=0.5
IoU=0.7
Approach
1
3
5
1
3
5
Rahtu [4]
12.0 18.6 22.6 5.8 10.7 13.3
Objectness [5]
14.1 25.7 32.2 6.2 11.4 13.1
Selective Search [7]
13.6 26.3 31.2 5.0 12.4 16.2
Random Prim [8]
12.1 22.6 31.0 3.1 8.6 13.3
Endres [9]
18.2 35.1 43.4 9.0 18.6 25.7
Rantalankila [10]
0.9 1.4 2.0 0.0 0.0 0.0
GoP [11]
18.8 38.7 49.9 6.9 17.4 25.3
EdgeBox [12]
19.6 27.9 34.1 8.4 16.4 20.3
Bing [13]
11.5 17.4 22.7 5.2 8.4 10.5
MCG [14]
27.2 52.2 60.9 12.9 25.7 34.6
LPO [15]
16.0 30.1 37.0 7.4 13.1 17.7
Proposed SH-10+Center-bias CNN 49.6 61.6 65.6 21.9 29.6 30.6
Proposed MCG+Center-bias CNN 51.6 63.7 70.6 25.8 40.1 47.2
Interactive Location

Overall
IoU=0.5
IoU=0.7
1
3
5
1
3
5
12.3 18.9 23.0 5.9 11.0 13.6
14.1 26.4 32.3 6.2 11.3 13.2
12.6 25.3 30.2 5.0 12.2 16.4
12.1 22.3 29.8 3.8 8.5 13.8
17.3 34.5 42.4 8.5 18.4 25.2
1.0 2.2 3.6 0.1 0.1 0.1
16.7 35.1 46.3 6.2 16.8 24.2
19.7 28.2 34.8 9.1 17.1 21.3
11.3 17.9 23.6 5.2 8.8 10.9
26.0 48.3 58.0 13.0 26.1 34.5
16.3 29.9 36.1 7.6 13.9 18.6
36.9 50.5 55.0 16.8 25.4 28.2
40.2 54.6 62.9 18.9 31.5 39.1

Time(S)
CPU GPU
3.8 3.8 10.6 0.8 11.7 23.7 1.3 0.3 0.01 18.9 1.4 0.4 0.06
26.3 19.5

Fig. 6: Comparison of recall vs. IoU curves using different methods and numbers of interactive object proposals on the VOC2007 test set.

the experiment, SH-10 + Center-bias Mask CNN and MCG
+ Center-bias Mask CNN, to compare with other state-ofthe-art approaches by using the published code in [73]. We
first generate initial object proposals (1000 generally) from
these approaches and then select those contain the touch point.
These proposals are ranked by their own methods as their
interactive object proposals.
We simulate well-rounded experiments by shifting the touch
points in different possible locations inside the ground truth
bounding box. Specifically, we divide the touch point locations
into five regions through dividing the distance from centroid to
boundary by five as shown in Fig. 5(a). In each touched region,
we randomly obtain three locations as touch points for each
object and keep these locations fixed for different approaches
to generate their interactive object proposals. We average the
results in each touched regions to obtain the performance. Fig.
5(b) shows the performance of the proposed SH-10 + Centerbias Mask CNN in different touched regions. It is obvious that
the performance will gradually improve when the touch point
is closing to the central region since the proposed network
has the location awareness and biases to the central region.
In the experiments, we compare our results with others in the
central region (blue region) and the overall regions (average

the performances in five regions).
The comparisons on VOC 2007 are shown in Table I.
The proposed approaches clearly outperform all the other
approaches both in the central region and the overall regions.
Note that the proposed SH-10 + Center-bias Mask CNN is
very efficient while obtaining the much higher detection recall
with a single proposal, and it is the best performer in all
the fast object proposal approaches. Thus, it is a trade-off
to be applied to a fast interactive application. On the other
hand, the proposed MCG + Center-bias Mask CNN reranks
the MCG proposals and obtains the highest recall among all
the approaches. Accordingly, it demonstrates the effectiveness
of our Center-bias Mask CNN for ranking object proposals.
The corresponding Recall vs. IoU curves with respect to
different numbers of interactive object proposals are presented
in Fig. 6. As can be seen, the proposed approaches obtain the
highest detection recall under the same IoU threshold. The
improvement is more and more obvious from 5 proposals to
1 proposal shows the superior ranking ability of our trained
CNN, and the similar superiority can be observed from the
difference between MCG and MCG + Center-bias Mask CNN.
Some of the results with only one object proposal by the touch
point are presented in Fig. 7 for visual evaluation.

1051-8215 (c) 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCSVT.2017.2775446, IEEE
Transactions on Circuits and Systems for Video Technology
IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY

8

TABLE III: Comparisons of the performance with and without
reranking object proposals by our proposed network.
IoU=0.5
Approach
1
10 100 1000 1
EdgeBox [12]
17.8 45.8 75.4 95.1 9.5
EdgeBox + BinaryMaskCNN 30.4 66.7 89.8 96.3 15.3

IoU=0.7
10 100 1000
30.9 60.8 85.1
43.6 72.5 86.4

TABLE IV: Comparison with Region Proposal Network.
Approach
RPN with
Ours with
Ours with
Ours with

(a)Ours

(b) [14]

(c) [9]

(d) [11] (e) [15]

(f) [12]

Fig. 7: Visual comparison of the interactive object proposal results
with only one proposal (blue bounding box) by the touch point (green
cross), and ground truth is shown in the red bounding box. As can be
seen, our proposed SH-10 + Center-bias Mask CNN effectively learns
a mid-level representation of the generic object as well as integrating
the location of the touch point to rank the bounding box, thus can
select the meaningful object from multiple candidates accurately.

B. Comparison of different network architectures for bounding
box scoring
Furthermore, we extend the experiments to explore different network architectures for ranking the bounding box
as discussed in section III-C. All the networks are used
to rank the initial object proposals from SH-10. From the
detection recall comparisons on VOC 2007 shown in Table
II, it demonstrates that DeepBox Patch CNN using cropped
regions to score bounding box is limited and can be further
improved. Benefit from considering the global information of
the whole image in Binary Mask CNN, we improve the ranking
ability of the trained network, although the 4-th channel input
increases the computation cost a bit. On the other hand, due
to the integration of the Gaussian mask by the touch point,
Center-bias Mask CNN can be location-aware and thus its
performance in the central region is improved greatly. More
importantly, with respect to different touched regions, Centerbias Mask CNN is also superior to Binary Mask CNN overall.
To demonstrate that the larger number proposals with a
fully automated approach can benefit from our network with
bounding box mask, we rerank 2000 object proposals from
EdgeBox [12] for comparison in Table III. We can observe that
100 object proposals in reranked EdgeBox can obtain superior
recall. As a result, the proposed BinaryMaskCNN can be used
to effectively select a small number of object proposals from
the other methods.
C. Comparison with Region Proposal Network
We compare our proposed approach with RPN in Faster
R-CNN [46] for bounding box classification in Table IV.
The other networks including OverFeat [48], YOLO [49]

IoU=0.5
IoU=0.7
Time(S)
1
3
5
1
3
5
GPU
VGG [46]
23.0 39.2 45.4 7.0 13.7 20.1 0.09
Alexnet
36.9 50.5 55.0 16.8 25.4 28.2 0.06
VGG
39.5 60.0 65.8 18.6 28.7 32.6 0.32
VGG + Regression 40.3 61.4 67.4 19.0 29.2 33.3 0.32

and SSD [50] are originally trained for category-dependent
classification. They can be approximately regarded as RPN
when trained for category-independent classification. We use
the source code of RPN published in [46] and their model
trained from VGG16 to generate object proposals for each
image. Similar to previous touch point simulation, we use the
same touch points for testing and average the results to obtain
the performance. We select those object proposals containing
the touch point and obtain the top-N bounding boxes with
the classification score from RPN. Surprisingly, our proposed
network with only Alexnet can obtain much more satisfactory
results with a few object proposals, although RPN indeed
can generate better region proposals than Selective Search
[7] which only uses the low-level features as demonstrated in
[46]. The most important reason is that our proposed network
is trained with strong prior knowledge from bounding box
mask generated by the touch point, while the RPN is trained
to replace the traditional object proposals approaches for
category-dependent object detection and classification without
an effective scoring method for any designated object. We also
use VGG16 as RPN to train our network and improve the
performance significantly by sacrificing the processing time.
In addition, benefit from the bounding box regression in RPN,
we further improve our network a bit when incorporating the
cost from four coordinates for training as proposed in [46].
D. Experiments on MS COCO for Unseen Categories
We have demonstrated that the proposed network can
achieve higher recall in PASCAL VOC 2007 dataset by
reranking the proposals. However, it can not guarantee that
this network has learned the general representation of the
objectness since the training and testing are use the same
20 categories which may only use the knowledge of these
categories. We need to extend the testing categories beyond
the 20 categories in PASCAL VOC for verification. Thus,
we further evaluate our approach on MS COCO [74] for
interactive object proposals.
MS COCO is a large-scale image recognition dataset. It
contains 80 categories, and 60 categories of them are distinct
compared with PASCAL VOC. In our experiments, we divided
the dataset into two groups, and one contains the 20 seen
categories in PASCAL VOC while the other one contains the
60 unseen categories. We use the net trained in PASCAL VOC
to evaluate its performance on these two groups in MS COCO
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TABLE II: Detection recall comparison of different network architectures on the VOC2007 test set.
Interactive Location
Near Center
Overall
Approach
IoU=0.5
IoU=0.7
IoU=0.5
IoU=0.7
(rank SH-10)
1
3
5
1
3
5
1
3
5
1
3
5
DeepBoxPatchCNN [22] 35.6 52.3 57.3 14.8 20.3 22.2 31.4 46.5 50.9 14.2 20.1 21.5
BinaryMaskCNN
38.9 57.7 64.7 17.6 27.0 30.5 33.6 49.3 55.6 16.1 23.9 26.7
Center-biasMaskCNN
49.6 61.6 65.6 21.9 29.6 30.6 36.9 50.5 55.0 16.8 25.4 28.2

Time(S)
CPU

GPU

0.3 0.05
0.4 0.06
0.4 0.06

TABLE V: Detection recall comparison of different approaches with different numbers of proposals on MS COCO dataset. The best two
performers in all are shown in red and blue color.
20 Seen Categories
IoU=0.5
IoU=0.7
Approach
1
3
5
1
3
5
Rahtu [4]
9.8 18.6 22.5 4.5 8.9 11.8
Objectness [5]
10.8 19.9 25.0 4.7 9.0 11.4
Selective Search [7]
9.0 19.1 24.7 3.5 8.8 12.0
Random Prim [8]
8.8 18.0 28.4 3.3 7.0 10.3
Endres [9]
10.6 23.1 30.8 4.8 10.1 13.9
GoP [11]
9.7 20.8 27.8 4.9 9.9 13.5
EdgeBox [12]
10.5 19.2 23.9 3.9 8.4 11.3
Bing [13]
9.5 17.1 20.9 3.6 7.7 9.9
MCG [14]
17.5 27.5 34.5 6.1 13.0 17.3
LPO [15]
10.9 20.4 26.5 4.3 8.2 11.2
Proposed (Trained by VOC07)
31.9 45.5 55.2 14.9 22.9 27.3
Proposed (Trained by MS COCO) 33.9 47.3 55.7 16.1 24.2 29.0

60 Unseen
IoU=0.5
1
3
5
5.2 10.2 13.7
5.6 13.1 17.9
5.0 12.9 18.5
5.3 12.6 18.0
11.1 21.8 30.0
10.2 21.6 28.4
6.5 12.2 15.5
4.9 9.6 13.0
12.1 24.6 30.7
5.9 14.5 19.1
26.2 36.8 45.5
28.2 38.4 45.6

Categories
IoU=0.7
1
3
5
2.2 5.4 7.5
2.5 5.0 6.7
2.4 6.1 9.1
2.1 5.7 8.4
5.6 11.2 16.9
5.6 11.7 15.5
2.8 6.2 8.1
1.5 4.2 6.3
6.8 14.2 18.3
2.4 6.2 8.7
14.0 20.5 23.7
15.9 21.8 24.4

Time(S)
CPU GPU
3.8 3.8 10.6 0.8 11.7 1.3 0.3 0.01 18.9 1.4 0.4 0.06
0.4 0.06

Fig. 8: Comparison of recall vs. IoU curves using different methods and numbers of interactive object proposals on MS COCO dataset.

separately. For comparison, we also retrain the net with the 20
seen categories in MS COCO training set and then evaluate
its performance in both groups. Different from previous touch
point simulation, we only simulate the touch points near the
center of the object for testing. We randomly generate three
locations of touch point for each object and average the results
to obtain the performance.
The detection recall comparisons on MS COCO are shown
in Table V, and the corresponding DR Recall vs. IoU curves
on unseen categories with respect to different numbers of
interactive object proposals are presented in Fig. 8. Overall,
our proposed approach can also keep considerable high recall,
notwithstanding the performances of all approaches drop significantly in MS COCO dataset which contains smaller challenging objects. More specifically, our algorithm can rerank
the initial proposals well from hierarchical superpixel thus it
can select the meaningful object from different size of candi-

dates felicitously. Moreover, the trained net is actually learning
a cross-class generalization and can use this wraparound
mid-level representation to rerank the proposals in unseen
categories. As a result, the performance of our algorithm with
only one proposal in unseen categories is very close to that in
20 seen categories from PASCAL VOC especially when IoU
threshold is 0.7. The inferiority in unseen categories is also
influenced by the quality of initial superpixel hierarchy from
the adopted approach, and the similar decreasing tendency
can be seen from other approaches. However, our approach
still obtains higher recall than all others significantly due to
its good generalization for objectness. On the other hand,
the retrained net in MS COCO training set can improve the
performance only a bit compared with the net trained by
PASCAL VOC. Accordingly, we can judge that the net tends
to learn a generic objectness representation regardless of the
distinct categories and the variant configuration in a different
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(a)Proposed

(b) MCG [14]

(c) Endres [9]

10

(d) GoP [11]

(e) LPO [15]

(f) EdgeBox [12]

Fig. 9: Visual comparison of the interactive object proposal results for unseen categories with only one proposal (blue bounding box) by the
touch point (green cross), and ground truth is shown in the red bounding box. As can be seen, our proposed SH-10 + Center-bias Mask CNN
actually learning a cross-class generalization and can use this wraparound mid-level representation to select the most meaningful object in
unseen categories effectively. The last row is one example of the failures of our algorithm that two objects are sought out simultaneously.

dataset.
Some of the results with only one object proposal by the
touch point for the unseen categories in MS COCO dataset are
presented in Fig. 9. Our proposed approach learns a mid-level
representation of the generic object, thus can select the most
meaningful object from unseen categories effectively. The last
row in Fig. 9 is one of the failures by our algorithm that
two zebras are sought out simultaneously. It is very difficult
for SH to generate an initial bounding box only containing
the selected zebra since two zebras share similar features as
well as attaching each other. It is an obstruction to select only
one object for tracking like this failure. Luckily, most of the
tracked object can obtain the motion information from one
more video frame. Thus, SH can integrate with our proposed
interactive motion map to obtain more reasonable segments of
the object for reranking by the trained CNN.
E. Experiments on Motion Segmentation Dataset for the Moving Objects
In this section, we conduct the experiments on the FBMS59 [75] by generating the interactive object proposals for the
moving objects. FBMS-59 consists of 59 video sequences
with typical challenges, and a total of 720 frames contain the
annotated objects with pixel-accurate segmentation. They are
switched to bounding box ground truth as we can maintain the
continuity of all the experiments for validating the detection
recalls with object proposals. The FBMS-59 contains various

categories of the moving objects and some categories such
as rabbits and camels are unseen in PASCAL VOC. We also
use the trained network in PASCAL VOC to rank the object
proposals. On the other hand, we only obtain two consecutive
video frames (the current touching frame and its previous/next
frame) for generating interactive motion map without considering any past information. It can greatly decrease the extra
computation cost in addition to the proposed SH-10 + Centerbias Mask CNN while improving the overall performance
significantly.
To demonstrate the whole framework can work well by integrating interactive motion map, SH and CNN, the experiments
are conducted by comparing three different combinations:
SH+CNN, SH+Motion and SH+Motion+CNN. The additional
component Motion uses the edge of the proposed interactive
motion map as a new constraint for SH to generate better
hierarchical segments. With respect to the rankings of object
proposals, SH+Motion simply computes the objectness score
from IoU between the hierarchical segments and the interactive
motion map, and both SH+CNN and SH+Motion+CNN use
Center-bias Mask CNN to learn the mid-level representation
of objects for scoring.
The detection recall comparisons of different combinations
of the proposed approach on FBMS-59 dataset are shown in
Table VI and the corresponding DR Recall vs. IoU curves with
respect to different numbers of interactive object proposals
are presented in Fig. 10. We can observe SH+Motion+CNN
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Fig. 10: Comparison of recall vs. IoU curves using different combinations of the proposed approach with different numbers of interactive
object proposals on the FBMS-59 dataset.
TABLE VI: Detection recall comparison of different combinations of
the proposed approach on the FBMS-59 dataset.
Approach
SH+Motion
SH+CNN(Alexnet)
SH+Motion+CNN(Alexnet)
SH+Motion+CNN(VGG16)

IoU=0.5
1
3
5
44.8 58.9 64.0
51.2 65.9 69.6
70.0 80.7 87.0
78.6 87.2 91.8

IoU=0.7
Time(S)
1
3
5 CPU GPU
29.6 39.2 41.5 0.12 32.7 43.9 45.7 0.4 0.06
52.4 61.7 68.0 0.49 0.15
58.1 67.3 72.1 - 0.41

significantly improve the detection recall with higher IoU
threshold compared with SH+CNN owe to the proposed
interaction motion map. In contrast to the stationary object, the
proposed interactive motion cue can be obtained to generate
better segments with SH. Thus, our trained network can seek
out the object proposals with higher localization quality.
As can be seen in the first, second and third column in Fig.
11, when the proposed interactive motion map can generate a
comparable good contour of the touch object, it can help to
correct the initial unsatisfactory segments from SH caused by
the similar color distribution or unclear edge. On the other
hand, only motion information cannot decide how good a
proposal is especially when the proposed interactive motion
map is severely interfered by the similar unseparated motion,
distinct partial movement, and bad optical flow estimation.
However, this selection capabilities can be achieved by ranking
with Center-bias Mask CNN. As can be seen from Fig. 11,
SH+Motion consider all ducks together is a good object
proposal since they share similar motion in the fourth column,
and the improper optical flow estimation by the chair shook
by the man’s hand causes the unqualified interactive motion
map in the fifth column. The trained net can help distinguish
the selected object from others. Thus both SH+CNN and
SH+Motion+CNN can work well in these scenarios. Overall,
while Motion is expert at enhancing the localization quality
of the initial object proposals from SH, CNN is good at
seeking out the meaningful object accurately. That is to say,
SH+Motion+CNN is a combination of both of advantages for
generating interactive object proposals regardless of the touch
object is moving or not. Consequently, a common failure is
both Motion and CNN cannot pick out the selected object as
seen in the sixth column of Fig. 11.
The computational cost of the proposed algorithms is evaluated on a machine with a 3.6 GHz Intel Core i7 CPU

and 8 GB memory. For a 480 × 320 color image, the SH
generates different scales of superpixels in only 31 ms. We
estimate the optical flow by the TV-L1 algorithm which can
be computed efficiently within 60ms when downsampling
the image frame by 2 in the experiments. It takes 8ms to
estimate the homograph and compute the MTES, 6ms for MST
construction using Prims algorithm, 2ms for single channel
minimum barrier distance transform and 2ms for MST-based
edge-preserving filtering. The overall computation time for
generating the interactive motion map is 80ms in average,
and this is just a tiny amount of extra computational time
in SH+Motion+CNN. The proposed CNN with Alexnet can
compute a score for a bounding box in 35ms. Thus it takes
350ms for SH-10. With a state-of-the-art GPU, it needs only
20ms to finish the reranking. Consider that SH+Motion+CNN
deals with two consecutive video frames in 150ms with GPU,
near real-time performance (more than 13 frames per second)
can be achieved.
F. Interactive Object Proposal for Tracking Application
We have demonstrated the proposed approach can obtain
only one object proposal both efficiently and effectively by
single touch point. Thus it can be applied to tracking application by generating an initial bounding box as the target object
in the video. To demonstrate its feasibility, we use the tracking
videos from the visual tracker benchmark [76] and adopt KCF
tracker [77] which can run very fast for the experiments.
As different proposal detection algorithms may produce
different sizes of initial bounding boxes, the evaluation criteria
used in our experiments is distance precision rate to discard
the influence of bounding box size. It measures the distance
between the center of the bounding boxes of the tracker and
the ground truth, and if the center location error is less than
a threshold, it is recognized as a successful tracking result.
To observe the performance, we compare our proposed SH-10
+ Center-bias Mask CNN with some other object approaches
either have the good performance or run fast by touching the
same point of the object in the first frame to generate a single
bounding box for tracking. The manually labeled ground truth
bounding box is also used in the experiments.
The distance precision rate in different error location threshold is presented in Fig. 12. As can be seen, the state-of-the-art
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Fig. 11: Visual comparison of the interactive object proposal results for moving objects with only one proposal (blue bounding box) by the
touch point (green cross), and ground truth is shown in the red bounding box. From top to bottom: interactive motion map, interactive object
proposal by SH+Motion, interactive object proposal by SH+CNN and interactive object proposal by SH+Motion+CNN. SH+Motion+CNN
is a combination of advantages from motion and CNN for generating interactive object proposals.

(a) DSST [78]

Fig. 12: Quantitative comparison of the distance precision rate in
different error location threshold by using the state-of-the-art object
proposal approaches to generate the initial bounding box of the
tracking target with a single touch point.

object proposal methods cannot be directly applied to visual
tracking due to the low performance for few proposals. The
performance of the proposed method is much higher in this
case and thus is much more suitable for visual tracking as can
be seen from the dark curve in Fig. 12.
We further integrate the interactive motion map with one
more consecutive frame and adopt two other sophisticated trackers, DSST [78] and MDNet [79], to evaluate the
performance of our initial target bounding boxes. We use
the same set of videos from the visual tracking benchmark.
The precision rates in different location error thresholds are
presented in Fig. 13. The performance of our initial target
bounding boxes is close to the human-labeled ground truth
bounding boxes using these sophisticated trackers. Note that
the proposed approach is able to extract the target object by

(b) MDNet [79]

Fig. 13: Quantitative comparison of the distance precision rate by
using the initial bounding box of the tracking target generated by the
proposed approach and human-labeled ground truth bounding box in
the first frame.

a single touch point, which is extremely important for a realtime surveillance system.
VI. C ONCLUSIONS
We propose an effective approach to generate a small
number of object proposals with minimal user interaction
- a single touch point. Through training a location-aware
network by taking into consideration the global context to
rank the initial object proposals, we significantly increase
the recall with only one proposal. On the other hand, the
proposed network can be used to rerank the proposals from
the other approaches for improving their performance with
fewer proposals, and it has been demonstrated to be superior
to the other networks for bounding box scoring. Furthermore,
we integrate the motion cue to greatly improve the localization
quality of object proposals from SH by proposing an efficient
approach to generate interactive motion map with only two
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consecutive video frames. As a result, the proposed approach
can be applied to a very important video application by
interactively generating the objective target for visual tracking.
As our future work, we aim to investigate the combination of
two video frames together to train a network for generating
spatiotemporal motion map for the interactive hierarchical
object proposals.
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