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The segmentation of video, or separating out objects in the foreground, is an important application of
pattern recognition and computer vision. Segmentation errors in pattern recognition approaches mainly
come from difficulties in selecting maximally informative frames for learning. In this paper, we develop
an approach to video segmentation that relies on temporal features by modeling the uncertainty of the
distribution of different feature mask forms. We use those uncertainty values for unsupervised active
learning. We evaluate our approach on the DAVIS16 annotated video data set and Shining3D dental video
data set, and the results show our approach to be more accurate than other video segmentation ap-

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

Video segmentation usually aims to separate, or segment, some
objects in the foreground from the video background. This topic
has been an active area of research in pattern recognition over the
past decade, with a wide range of applications. Examples of appli-
cations include video editing [1], video summarization [2], scene
understanding [3], and autonomous driving [4].

Recently, methods such as one-shot learning [5] and meta-
learning [6] have been applied to video segmentation. However,
progress in image segmentation has been limited by temporal con-
texts such as feature alignment, mask propagation, and motion ex-
ploitation [7]. This is because these temporal inferences cannot be
compared with spatial inferences, which leads to ambiguity in de-
termining where to segment an image.

We illustrate the video segmentation problem in Fig. 1. Here,
the leftmost image is the input, the second and third images are
the corresponding spatial (DeepLabV3+ [8]) and temporal (Mask-
Track [9]) inference results, and the fourth image is the ground
truth. Careful inspection of the second and third images shows that
segmentation from spatial and temporal methods is very good, but
not perfect. Spatial and temporal inference have their own advan-
tages in different situations.
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Objects are segmented even less well than those in Fig. 1 when
the video has a cluttered background or dim lighting. Such harder
samples use boundary knowledge to guide the refinement. How-
ever, harder samples can only be distinguished with the aid of hu-
man resources or a time-consuming training process in machine
learning [10]. Video segmentation requires an unsupervised active
learning approach to identify the representative samples. To this
end, we determine the uncertainty of samples by measuring the
confidence value produced by spatial and temporal inference. We
use this uncertainty to select the most informative samples for ac-
tive learning.

In this paper, we develop a probability-based approach that
uses a temporal inference such as optical flow to model the dis-
tribution in mask propagation for sample selection.

Our approach is demonstrated in Fig. 2. Image segmentation
and motion inference are learned simultaneously in multitask
learning. This approach is used to select an image mask, which is
transferred to the next frame in a probability framework. Finally,
samples with maximum uncertainty are selected. This process im-
proves the accuracy of active learning.

The contributions of this paper are the following:

e We introduce multitask learning using a recurrent network
to improve the accuracy of motion inference in multiscale
analysis.

e We present a novel way to use temporal context to infer
the mask in the next frame via a probability framework, and
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Fig. 1. Illustrations of spatial and temporal inference in the DAVIS16 data set. The first column is the input, the second and third columns are spatial and temporal inference

results, and the fourth column is the corresponding ground truth.
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Fig. 2. Example of how our approach works. Image segmentation and motion inference are estimated jointly, and the result is refined by means of the spatial-temporal
comparison. Each segment is produced with an uncertainty value that informs segment selection over time via active learning..

we compare this result to the spatial result according to the
confidence interval.

e We use uncertainty in the probability mask transfer to im-
prove sample selection for unsupervised active learning.

e We have collected and annotated an oral video sequence
from the Shining3D dental data set so that the approach
proposed in this paper can be compared to other state-of-
the-art approaches on video segmentation. We have pub-
lished this data set so that anyone working on this topic may
freely obtain this resource.

We show in the Results section that, in experiments with the
DAVIS16 data set and the Shining3D dental data set, our approach
yields results that are competitive with those of state-of-the-art
video segmentation approaches.

2. Related work

In this section, we briefly review the literature on the use of
temporal features for video segmentation and active learning. We
present advantages and drawbacks of each approach.

2.1. Video segmentation

Generally, video segmentation can be divided into two different
categories, namely unsupervised and semi-supervised methods.

Unsupervised video segmentation does not provide any manual
annotation. To explore motion information from a long time span,
pyramid dilated bidirectional ConvLSTM (PDB-ConvLSTM) [11] and
a two-stream neural network [12] model spatial-temporal features
on a convolutional LSTM and convolutional GRU structure, respec-
tively. Wang et al. later introduce temporal and spatial attention
into this task [13], using visual stimuli to guide unsupervised video
object segmentation. Considering that primary objects tend to be

highly correlated at the macro level, a co-attention Siamese net-
work (COSNet) [14] learns to capture rich correlations between
frames in a video sequence.

Semi-supervised video segmentation provides information
about objects of interest in the first frame of a video. Spatiotem-
poral Markov random field (MRF) [15] models spatial dependen-
cies among pixels by a convolutional neural network and estab-
lishes temporal dependencies by optical flow. To adapt to large
changes in object appearance in a video, online adaptive video ob-
ject segmentation (OnAVOS) [16] updates the network online us-
ing training examples selected based on the confidence of the net-
work and the spatial configuration. Sometimes temporal smooth-
ness will be suddenly broken; therefore, semantic one-shot video
object segmentation (OSVOS-S) [17] has been proposed to process
each frame independently, i.e., disregarding the temporal infor-
mation. The PReMVOS algorithm (proposal-generation, refinement
and merging for video object segmentation) [18] considers multi-
ple factors and combines an objectness score, optical flow warp-
ing, and a Re-ID feature embedding to warp the segmented mask
to the next frame. Nevertheless, these approaches are limited by
suboptimal accuracy due to mismatching and drifting problems;
ranking attention network (RANet) [19] automatically ranks and se-
lects these maps for fine-grained video object segmentation perfor-
mance.

These approaches return inference results by using temporal
consistency. However, the uncertainty of the spatial and temporal
inference cannot be compared, which leads to ambiguity when the
segment from each of these two approaches does not match.

2.2. Active learning

Active learning is a form of machine learning in which the hu-
man user selects representative samples that inform the learning
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process. In deep learning, dropout [20] has been used to reduce
overfitting and improve model generalizability [21]. The probability
output can be obtained directly by a Bayesian convolutional neu-
ral network [10] to help represent model uncertainty. To increase
sample diversity in the instances, clustering and fuzzy-set selection
have been used to select representative and informative samples
[22], as well as two-sample discrepancy [23]. These approaches re-
quire a time-consuming training process. In short, identification
of the best samples for active learning or deep learning, espe-
cially when the data are high-dimensional images, is a complex
process.

Recently, an unsupervised method to identify informative sam-
ples by means of template matching in neighbor frames has been
proposed [24]. Some researchers have modified this approach by
using motion and saliency to identify negative samples. Neverthe-
less, this approach uses only the intersection or union of samples
found by spatial and temporal inference.

2.3. Saliency detection

Saliency detection aims to automatically discover and locate re-
gions that are visually interesting. The focus of salient object de-
tection is on designing various computational models to measure
image saliency, which is useful for segmentation. The contour-
to-saliency network (C2S-Net) [25] learns contour-to-saliency and
saliency-to-contour iteratively. Li et al. [26] set up a multi-
task learning scheme for exploring intrinsic correlations between
saliency detection and semantic image segmentation. The multi-
scale bidirectional fully convolutional network (MSBFCN) [27] gen-
erates feature maps of different scales directly from the last con-
volutional layer of a pretrained underlying model by using a pyra-
mid pooling strategy; then, a bidirectional structure is employed
to capture and encode multi-context information. The multiscale
cascade network (MSC-Net) [28] enables the learning process in
the finer cascade stages to encode more global contextual infor-
mation, while knowledge is obtained progressively incorporating
the saliency information. In this way, the approach leads to bet-
ter detection accuracy. Li et al. [29] transfer annotations from an
existing example onto an input image. Wang et al. [30] propose a
deep learning model composed of two modules that are designed
for capturing the spatial and temporal saliency information simul-
taneously.

Image

(a) Multi-task learning

Segmentation

Image
Segmentation

3. Our approach

To exploit temporal context most effectively for active learning,
we propose the approach shown in Fig. 2. Image segmentation and
motion inference are estimated jointly, and the result is refined by
means of the spatial-temporal comparison. Each segment is pro-
duced with an uncertainty value that informs segment selection
over time via active learning.

3.1. joint learning of image segmentation and optical flow inference

In some recent video segmentation approaches, binary masks
or feature maps are propagated over time according to the optical
flow obtained by using the CNN method [18]. However, the image
is segmented independently of the optical flow inference, which
tends to trap the inference result in the local optimum.

Image segmentation and inferences from optical flow are re-
lated tasks. On the one hand, differences in binary masks among
neighbor frames give clues for motion estimation; on the other
hand, it is the motion that causes the segmentation result to differ
in successive frames. Therefore, we design a mechanism to jointly
learn the image segmentation and optical flow inference, as illus-
trated in Fig. 3(a). The segmented mask is obtained by using the
hierarchy residual learning subnetwork [31,32]. To effectively and
efficiently segment a video sequence, our approach is based on the
accelerated RefineNet [33] and PWC-Net+ because these two ap-
proaches both use hierarchical analysis and are combined easily.

Our image segmentation and motion estimation share the en-
coder network for model compression. The decoder layers during
segmentation are fused with optical flow estimators. We use the
decoder part for fusion because this part contains information that
is semantic and also high in resolution detail.

Here is a formal, mathematical description of our approach, as
shown in Fig. 3(b). Given two images I;_; and I; in t — 1th and tth
frames of the sequence, we generate feature representations fL1

and f’t in the Ith layer. We want to progressively estimate optical
flow wL] by using these multiscale feature maps. First, we em-
ploy the warp layer to estimate large motion from one frame to
the next. At the Ith layer, we warp features of the image I;_; to-
ward the image I; by using

£, () =f_; (x+ up(wi2})), (1)
i1, f1,, wH
g
Upsample
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(b) PWC-Net+

Fig. 3. Illustrations of joint learning of image segmentation and optical flow inference. (a) The multitask learning framework. + The segmented mask is obtained by using
the hierarchy residual learning subnetwork, and the optical flow is gained via the PWC-Net+ subnetwork. (b) Detail of PWC-Net+ block, which includes warping layer, cost
volume layer, optical flow estimator, and context network. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this

article.)
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Fig. 4. Illustrations of optical flow inference. The left image is the original image, and the remaining images are optical flow images obtained from different layers in the

motion inference block.

where x is the pixel index, and up is the flow upsampling operation
such as a bilinear interpolation of gradient propagation.

Because cost volume is a discriminative representation of op-
tical flow, our network constructs the cost volume m' by using
warped features with corresponding features in the next frame to
store matching costs.

T
m'(x1, ) = (B x0)) ), 2)

where x; and x, represent the pixel index in the warped features
flw and features fﬁ respectively, T is the transpose operator, and N
is the length of the column vector f’w(xl).

Next, DenseNet [34] is employed to estimate the flow. The input
includes the cost volume m!, image features ﬁ in frame t and layer
I, and upsampled optical flow up(wij). The output is the original

estimated flow w£71 at the Ith layer.

Finally, we use a context network. This approach uses four di-
lated convolution layers to exploit the optical flow. The spatial ker-
nel for each convolutional layer is 3 x 3, while the dilation con-
stants are 1, 2, 4, and 8.

Examples of the inferred optical flow in the decoder can be
seen in Fig. 4. From this image, it can be found that the motion
information is progressively made more accurate in the inference
stage by combining the coarse flow in the last layer and the image
feature in the current layer.

Our approach has several advantages. For nontranslational mo-
tion, warping can compensate for some geometric distortions and
put objects at the right scale. Moreover, the warping and cost vol-
ume layers have no learnable parameters that serve to reduce the
model size and make the remaining layers computationally light.
All the blocks in the network are differential, and the image seg-
mentation and optical flow inference can be jointly learned in an
end-to-end manner so that results do not become trapped in the
local minimum.

3.2. Temporal context exploitation

Image segmentation does not return results that are consis-
tently good, especially when the object is spatially occluded or
truncated. Some experts have tried to improve results using a mask
propagation method, such as maskTrack. However, the task of find-
ing corresponding masks based on temporal inference is sensitive
to changes in the reflecting properties of surfaces, as well as in the
presence of multiple objects moving in the scene.

Our own research centers on whether we can use both spatial
and temporal inference to model uncertainty in selecting masks.
Spatial inference methods give each pixel in the mask map a con-
fidence score. If temporal propagation could be modeled similarly,
then the spatial and temporal inference could be combined in a
probability framework. We present this mathematically as follows:

Suppose ds and d; are spatial and temporal derivatives of the
image I, and w is the optical flow. Then, Bayes’ rule gives

P(d;|ds, w)P(w)

Pwlds, dy) = —HG

(3)

where P(w) is the prior distribution that is modeled by a zero-
mean Gaussian distribution with covariance Ap, and P(w|ds, d;)
can be modeled by the revised optical flow equation

ds(w—-mny) +d;=my, m;=N(0, Ay). (4)

We use noise term n; to represent errors resulting from a fail-
ure of the linearity assumptions and n, to describe the errors in
temporal derivative measurements. Suppose the intermediate vec-
tors are

M = dyd!, (5)

b =dd;. (6)

If A; is a diagonal matrix with diagonal entry o; and the
scalar variance of n, is 0, = A,, then the posterior distribution
P(w|ds, d;) can be described by the mean and covariance

b
N 7
Hw WO'1||d5||2+O’2 (7)
-1
M
Ay=|—+——+A . 8
v [a1||ds||2+o~2 "} 8

Finally, suppose the spatial inference in frame t obtains mask
map m; and confidence map ¢;; then, the spatial inference m; in
frame ¢ and temporal inference P(w|ds, d;) can be combined to ob-
tain the final segmentation m; according to their confidence scores

~ x1
m;

(9)

m)td if ¢t > ct—lp(wxl.x2|ds, d;),
otherwise,

X2
mt—l

where x; and x, are the pixel index in posterior distribution
P(wyq x2|ds, d¢). If the spatial inference meets the temporal infer-
ence, the two types of inference obtain the same results; other-
wise, the final prediction result is determined by the confidence
(probability) of each type of prediction.

This formulation assumes only the loose constraint that changes
in the image intensity are due to translation of the local image in-
tensity. Then, the spatial inference in different frames can be com-
pared according to confidence scores from the inference output.

3.3. Temporal-based, unsupervised active learning

If we have a method to measure the spatial-temporal compar-
ison and find those samples that are prone to error, the effective-
ness of the active learning could be improved.

Active learning and unsupervised hard sample mining are de-
signed to select the most informative, diverse samples to be la-
beled. Typically, samples with maximum uncertainly are selected
according to entropy values. However, temporal information is ne-
glected in this uncertainty estimation.

Our framework provides spatial and temporal inference, as de-
scribed in the preceding subsection. Therefore, we can use the
compatibility between spatial and temporal samples to measure
the inference uncertainty and refine the multitask network.
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To do this, we employ the intersection-over-union (IoU) to de-
termine positive or negative samples. If the loU between the fusion
mask m; and spatial inference m; is above a threshold Ty, we re-
gard the segmentation in the current frame as a positive sample.
We compare the image segment and the fusion mask rather than
temporal inference because warped masks inevitably have some
invalid region.

It is logical that the hard negatives should be selected for re-
training. In practice, we employ block matching to the previous k
frames of an enlarged bounding box by 20 x k pixels in different
directions. If the overlap between the matched bounding box P,_j
in the (t — k)-th frame and the outside bounding box of the fusion
mask f(m;) in frame t is above a threshold T,, we denote these
masks as examples of hard negatives, which can be represented as
follows:

HN = ﬁlf{lf (m[ ﬂﬁlt < T]) and
(Mine1 31f () NPy > To) ). (10)

By using this definition of hard negative samples, the represen-
tative and informative samples can be selected automatically, and
improvements can be achieved by fine-tuning the network.

4. Experimental results

In this section, we compare the performance of our proposed
approach to other approaches.

4.1. Hardware and software environment

We use a workstation with an Intel i7-4790 3.6 GHz CPU, 32GB
memory, and NVIDIA GTX Titan X graphics. Our algorithm to verify
performance and computational efficiency is based on Tensorflow
[35].

4.2. Data sets

We verify our proposed approach on the DAVIS16 data set
[36] and the Shining3D dental data set [37].

4.2.1. DAVIS16 data set

The DAVIS16 (Densely Annotative Video, at www.
davischallenge.org) data set is composed of 50 high-resolution
videos, 30 for training and 20 for validation. Those videos divide
into 3455 image frames with corresponding pixel-wise annota-
tions. The data set is used widely in video segmentation research
because it contains challenges such as motion blur, occlusions, and
changes in the appearance of the main object. Only the primary
moving objects are annotated in the image frames of the ground
truth.

4.2.2. Shining3D dental data set

Shining3D is a set of 47 nonannotated videos of human mouths
generated by a 3D dental scanning device that is often used for re-
search. Each video came from a hospital patient who was selected
randomly. We made some changes to ensure that privacy would
be maintained. We randomly selected and annotated 7800 images
from these videos consisting of a training set of 5800 images from
40 people and a validation set of 2000 images from the remain-
ing 7 people. The image size is fixed at 640 pixels in width and
480 pixels in height. Four researchers from our university anno-
tated the training and validation images; another 4 researchers re-
annotated the same images to ensure correctness. When the labels
disagreed, we employed another person for evaluation. Each an-
notator used software called “LabelM” to mark the boundary and
classify each region as tooth, gum, jaw, lip, cheek, or other soft tis-
sues. For application purposes, we set teeth and gums as classes

of interest and all other soft tissues as classes that were less
relevant.

4.3. Evaluation criteria

We use evaluation criteria as well as data sets that others have
used in published research to compare our work to state-of-the-art
approaches.

The Jaccard index J is defined as the IoU between the ground
truth mask and the predicted mask to measure region-based seg-
mentation similarity. Specifically, given a predicted mask P and
corresponding ground truth mask G, J is defined as | = %7

4.4. Implementation details

In our implementation, image segmentation is initialized by Re-
fineNet [33], and optical flow inference is initialized with PWC-
Net+ [32]. The whole network is trained on a stochastic gradient
descent (SGD) method with a momentum of 0.9 and a weight de-
cay of 0.0005. To avoid shocks in the performance curve, the learn-
ing rate is set to 0.01 for the first 60,000 iterations and 0.001 for
the later 20,000 iterations, which is adjusted according to the per-
formance of the evaluation set.

In the active learning experiments, the selection of k depends
on the object or camera movement intensity. If the video con-
tains large extent motion, the similarity between neighbor frames
is small, and the matching process works on a small number of
frames, that is, k is small. Otherwise, k can be increased to match
the smoothness of movement. Therefore, we choose k =3 in the
DAVIS16 data set (small motion) and k = 2 in the Shining3D data
set (large motion). If T; decreases, the number of hard samples will
also decrease, which leads to unstable results owing to the lack of
training data. However, if T; increases too much, not only the hard
samples but also samples with limited value are added into the
training phase, which decreases the training efficiency and brings
no effectiveness benefit. In the DAVIS16 data set and Shining3D
data set, we set T; to be 0.7, which is selected according to grid
searching. T, measures the motion extent and has a similar func-
tion as that of k. As we already choose different k values to repre-
sent motion variation, we choose T, = 0.7 in the DAVIS16 data set
and Shining3D data set.

4.5. Ablation study

We perform extensive ablation studies to observe the effects of
several important components of our approach. Temporal context
experiments are performed on the DAVIS16 data set only. Active
learning experiments are performed on the Shining3D dental data
set because it conveniently includes 130,000 images that are not
annotated and thus can be labeled according to the output of the
active learning.

Question 1: How many feature scale sizes should be used in the
joint learning of image segmentation and optical flow inference in
multiscale analysis? To answer this question, schemes with various
numbers of scales were tested, and the performance comparison
is in Fig. 5. We know that if more scales are used in the scheme,
the multiscale analysis will improve. However, larger size networks
tend to lead to overfitting. In our experiment, the use of 4 scale
sizes shows the best performance in the statistical analysis. Hence,
in the next experiments, we use a scheme with 4 sizes of scales to
compare the effectiveness.

Question 2: Does the use of temporal mask propagation using
a probability-based method improve video segmentation perfor-
mance? We compare our approach to other temporal propagation
approaches using the DAVIS16 validation set. The resulting per-
formance curve (mean J) can be seen in Fig. 6. Regardless of the
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Fig. 5. Evaluation of multiscale analysis on the DAVIS16 validation set.
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Fig. 6. Performance (mean J) variations of different methods over time on the
DAVIS16 validation set.

method used, the figure shows that performance decreases until
approximately 75% of the sequence has run and then increases
again because the appearance changes compared to that in the first
frame and the target object becomes harder to segment in later
frames. Our probability temporal context exploitation achieves bet-
ter performance than that of MoNet through the whole sequence
and obtains an improvement of 1.6 in the Jaccard index by the end
of the sequence, which demonstrates that our approach can effec-
tively incorporate spatial and temporal context for video segmen-
tation.

Question 3: Is active learning an effective approach for video
segmentation? If so, does our active learning framework select
more informative samples than do random-based or entropy-based
approaches? The experimental results are given in Fig. 7. This fig-
ure shows that all the active learning improves the performance
by a margin in terms of the Jaccard index, which demonstrates the
effectiveness of active learning for video segmentation. In addition,
DOA and our approach are temporal context exploitation-based ac-
tive learning approaches, and they show more improvement than
do the random-based and entropy-based approaches.
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Fig. 7. Performance (mean J) variations of active learning methods in sequences 1
and 2 on the Shining3D dental set.

Table 1

Experiment results on the DAVIS16 validation set and Shining3D dental data set.
Approach DAVIS16 Shining3D
ATEN [38] 713 80.8
MaskTrack [9] 74.8 82.0
S2S [39] 79.1 86.7
DSE [40] 81.5 88.9
MoNet [41] 84.7 91.5
PReMVOS [18] 85.5 92.0
Ours 86.4 93.5

4.6. Evaluation on the DAVIS16 validation set

We compare our approach to other temporal context ex-
ploitation approaches in video segmentation, with the experi-
mental results shown in Table 1. Feature alignment approaches
such as adaptive temporal encoding network (ATEN), sequence-to-
sequence network (S2S), and MoNet attain accuracy comparable
to that of mask propagation approaches, such as MaskTrack, deep
Siamese encoder-decoder, and PReMVOS.

In feature alignment, recently, recurrent neural networks have
been employed to effectively use temporal context. Take ATEN for
example, where a gated recurrent unit (GRU) [42] is used to in-
fer temporal encoding for key frames. To solve the problem that
temporal dependency relies on optical flow and cannot be trained
in an end-to-end way, a sequence-to-sequence (S2S) network uses
long-term spatial temporal context with the help of long short-
term memory (LSTM) [43]. The results show improvement by a
Jaccard index value of 7.8 when compared with that of the ATEN.

MoNet also learns the segmentation and optical flow jointly, but
the inferred optical flow is used for feature alignment. It obtains a
Jaccard index value of 84.7.

MaskTrack directly learns the mapping between masks in
neighbor frames, but its performance is limited by large motions
of the object and intra-variance of the object’s appearance. The
deep Siamese encoder-decoder (DSE) combines frame information
with residual learning to infer the propagated mask, and exper-
iments show that compared to MaskTrack, it can obtain an im-
provement in the Jaccard index of 6.7 on the DAVIS16 data set. Re-
cently, PReMVOS has employed a state-of-the-art image segmenta-
tion approach (DeepLabv3+) and used a re-identification approach
for tracking, obtaining a Jaccard index value of 85.5 on the DAVIS16
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Results
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Fig. 8. Experimental results on the DAVIS16 data set. The upper row is the input video (No. 0, 4, 8, 12, 16 and 20 frames in the bear sequence), the middle row is our
segmentation result, and the lower row is the corresponding ground truth. (For interpretation of the references to color in this figure legend, the reader is referred to the

web version of this article.)

Video 1
Results

24|y
i
EAE

Video 2
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Fig. 9. Experimental results on the Shining3D dental data set. (a) Successful segmentation results. The first and third rows are the input video in sequence 1 and sequence
2, and the second and fourth rows are our segmentation results. (b) Unsuccessful segmentation results with a mistake on the top left of the image..

data set. Our method is a kind of mask propagation like PReMVOS
that jointly learns and models spatial and temporal inference in a
general probability formula. Our model obtains the best accuracy
of all temporal context exploitation approaches.

The segmentation results of our approach are shown in Fig. 8.
The upper row is the video input (frame numbers 0, 4, 8, 12, 16
and 20 in the bear sequence). The middle row (in red) shows our
segmentation results, and the lower row (in white) shows the cor-
responding ground truth.

Our approach is consistently accurate in output object, but
some object details may be unclear, for example, the foot of the
bear in Fig. 8. The inexact segmentation of details is partially due
to feature learning in multiscale analysis and partially due to non-
adaptive threshold selection in temporal context distribution. What
happens is that the warped feature is controlled by optical flow in
the front layer, which lacks semantic and fine detailed information.
Hence, small deviations in the front layer are propagated and en-
larged in follow-up operations.

The posterior distribution of optical flow is affected by noise
factors. Determining how to accurately model the noise factors
is important in real applications. In our experiment, we use grid
searching to set the Gaussian parameters. Other search approaches
such as Bayesian optimization can be employed for parameter
tuning.

4.7. Evaluation on the Shining3D dental data set

In this section, we discuss our approach compared to other ap-
proaches based on performance on the Shining3D dental data set.

The results are shown in Table 1, with some image output results
depicted in Fig. 9.

Note that our results on Shining3D give conclusions similar to
those from our results on the DAVIS16 data set. The warped fea-
tures or masks yield comparable Jaccard index accuracy. Moreover,
our learning-based optical flow inference performs better than ap-
proaches that learn the mapping directly from successive frames.

Some of our actual results on the Shining3D dental data set are
shown in Fig. 9. The successful segmentation results in Fig. 9(a)
demonstrate that our method is robust to variation in dental shape,
camera motion, and background clutter. Usually, lighting condi-
tions are poor in mouth images, and such conditions will lessen
the quality of the algorithms results. For this reason, we corrected
the input images for brightness.

Fig. 9 (b) shows the unsuccessful segmentation results. Notice
that a region on the top left of the image is responsible for some
incorrect results, partially because boundaries may fade due to
brightness correction. On the one hand, the region of shadow on
the left and right image boundary increases the intra-variance of
the teeth and other soft tissues, making the segmentator handle
the multimodel sample poorly; on the other hand, the vignetting
effect increases the diversity of the samples, and the performance
deteriorates if only the center region, not the whole outline of the
images, is selected for training and testing.

Objects in scenes with irregular lighting, or those that are oc-
cluded or truncated, are not well segmented by any method. In
the future, we will extend our method to handle situations in
which lighting is uneven, the perspective is irregular or the im-
age is blurry. The processing time for each 640 x 480 image in
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Shining3D dental data set is approximate 45 milliseconds, and we
will also work on ways to increase efficiency in video segmentation
so that our method will be practical to use for real-time applica-
tions such as autonomous driving.

5. Conclusion

Our experimental results show that active learning is an effec-
tive approach to video segmentation. Our framework works better
for segmentation than do random-based approaches to sampling.
Specifically, we present a method for probability sampling to infer
temporal context and select the samples in a video sequence that
are most representative and informative. Even though our method
is weak in that it may arrive at inexact segmentation due in part to
feature learning in multiscale analysis and nonadaptive threshold
selection in temporal context distributions, our method is robust
to variation in object shape, camera motion, and background clut-
ter. Future work on the video segmentation problem could involve
handling blurry objects and uneven lighting, as well as speeding
up the segmentation process.
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