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Abstract

In this paper, we present an end-to-end, three-
dimensional convolutional neural network architecture that
segments the foreground object in video. The three-
dimensional encoder-decoder framework takes eight frames
as input and returns eight corresponding heatmaps, classi-
fying each pixel as the object or background in each frame.
A greater pixel value represents a higher likelihood that it
is the foreground object, and these values are thresholded
to create the binary mask. This task incurs further chal-
lenges in addition to those present in image object segmen-
tation, such as the main object possibly changing appear-
ance or becoming partially obscured from view. We eval-
uate the model on the challenging DAVIS 2016 dataset, a
common benchmark for video segmentation. Our results
show promising competitiveness with the current state of
the art.

1. Introduction

Identifying the predominant object per-pixel in each
frame of a video is a well-researched problem in the com-
puter vision community. In recent years, deep learning has
become an important tool in state of the art solutions, train-
ing to extract discerning features by using large datasets.
Segmentation provides more specified information than a
bounding box, differentiating the object per-pixel and tak-
ing the shape of the target object. This motivates its use in
fields such as robot vision, video surveillance, and content-
based video retrieval.

In the course of a video clip, the main object may no-
ticeably change or become partially hidden by part of the
background. Also, varying amounts of camera shake could
distort how a frame looks, causing phenomena like motion
blur. All of these challenges are coupled with those already
present in image segmentation, which creates a need for this

type of framework to be very robust.

1.1. Related Works

An important distinction between operating on video as
opposed to images is the introduction of temporal informa-
tion. [8] found noticeable improvement in action recog-
nition performance by using a three-dimensional convolu-
tional network with 3 x 3 X 3 convolutional kernels. This
method allowed the network to reduce the representation of
the input clips in a learned way, both spatially and tempo-
rally. Our belief is that this general approach will provide a
similar amount of quality when performing video segmen-
tation, combining spatial and temporal information.

[3] approached the problem of video segmentation with
a two-stream architecture. One stream focused on learn-
ing appearance-base information while the other simultane-
ously focused on motion-based information, combining the
feature maps of each stream at the end to output the mask
prediction. One goal of our approach is to avoid splitting
the spatial and temporal information, keeping all informa-
tion together in one end-to-end stream.

[9] utilized a novel approach to maxpooling in their
PSPNet architecture, which is designed for scene parsing.
After obtaining the feature maps from the final convolu-
tional layer, maxpooling with different scales was utilized to
gain information from various representations of the feature
map. These various sizes were put through a convolutional
layer and upsampled with bilinear interpolation to become
a uniform size, lastly concatenating the results to form the
final set of feature maps. We consider this approach to max-
pooling in the future work section.

2. Methods
2.1. Architecture Description

A visualization of our architecture can be found in Fig-
ure[3] and detailed information concerning the layers of the
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Figure 1: Example Input and Output Frame
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Figure 2: The C3D Pipeline [8]
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model can be found in Table [Tl The overall goal of this
pipeline is to temporally and spatially shrink the representa-
tion of the eight input frames in a learned way, then rebuild-
ing them in a learned way to create the output heatmaps,
and an example for a single frame is shown in Figure [1]
These output heatmaps are thresholded at a single value for
the entire dataset.

The model is implemented in pyCaffe, pretrained with
C3D’s model on the Sports-1M dataset and fine-tuning on
the DAVIS 2016 t rain subset [6]. The encoder portion of
our pipeline uses the first eight 3D convolutions from C3D,
as everything including and after the fully-connected layers
relates to action recognition instead of object segmentation.
These layers include 3D convolutions with 3 x 3 x 3 kernels
as well as ReLU activations and maxpools with 2 x 2 x 2
kernel dimensions. The first maxpool has a notable 1 X
2 x 2 kernel dimension, as we don’t want to start losing the
temporal information immediately at the beginning.

In addition to the pretrained layers from C3D, we also
introduce the decoder structure, which provides additional
3D convolutions as well as convolution-transpose layers,
which increase the size of the data to bring it back to its
original dimensions. We also add skip-pooling layers, rep-
resented by green arrows in Figure[3] where we put the fea-
ture maps from the encoder through another 3D convolution
and subsequently concatenate them with feature maps of the
same size in the decoder. This provides more global in-
formation by combining features from two equivalent parts
of the pipeline. The model ends with a final convolution
followed by a softmax layer, which provides the final fore-
ground/background prediction for each pixel, a likelihood
of being the foreground object in the range [0, 1].

2.2. Dataset
2.2.1 DAVIS 2016

The DAVIS 2016 dataset was created by Perazzi et al. [6]
to bring forth a challenging video segmentation dataset with
modern camera quality and pixel-level annotations for ev-

Table 1: Detailed Network Architecture

name kernel dims dims
(dx hxw) (CxDxHxW)
convl 3x3x3 (64 x 8 x 240 x 320)
pooll 1x2x2  (64x8x 120 x 160)
conv2 3x3x3 (128 x 8 x 120 x 160)
pool2 2Xx2x2 (128 x 4 x 60 x 80)
conv3a 3x3x%x3 (256 x 4 x 60 x 80)
conv3b 3x3x3 (256 x 4 x 60 x 80)
pool3 2x2x2 (256 x 2 x 30 x 40)
conv4a 3x3x3 (512 x 2 x 30 x 40)
conv4b 3x3x3 (512 x 2 x 30 x 40)
pool4 2x2x%x2 (512 x 1 x 15 x 20)
conv5a 3x3x3 (512 x 1 x 15 x 20)
conv5b 3x3x3 (512 x 1 x 15 x 20)
convéc 3x3x3 (512 x 1 x 15 x 20)
trans4 2x2x2 (64 x 2 x 30 x 40)
conv4d 3x3x3 (64 x 2 x 30 x 40)
concat4 - (128 x 2 x 30 x 40)
conv3c 3x3x3 (512 x 2 x 30 x 40)
trans3 2X2x2 (64 x 4 x 60 x 80)
conv3d 3x3x3 (64 x 4 x 60 x 80)
concat3 - (128 x 4 x 60 x 80)
conv2c 3x3x3 (512 x 4 x 60 x 80)
trans2 2x4x4 (16 x 8 x 240 x 320)
conv2d 3x3x3 (64 x 8 x 240 x 320)
concat2 - (80 x 8 x 240 x 320)
conv.pred 3 x3x3 (2 x 8 x 240 x 320)
loss - (2 x 8 x 240 x 320)

ery frame. The dataset is composed of 50 total HD videos,
divided into subsets of 30 training and 20 evaluation clips.
The videos are all recorded at 24 frames per second, and
the creators purposefully chose challenging clips that have
attributes such as motion blur, occlusion, and scale varia-
tion. Their website provides an updated list of the best cur-
rent results on the evaluation subset, categorized as semi-
supervised (the first ground truth frame is provided during
runtime) or unsupervised (no ground truth frames are pro-
vided.) There are 480p and full-resolution versions of each
clips frames provided. The dataset provides 3, 455 total an-
notated frames and there are four major classes: humans,
animals, vehicles, and objects [6]. The training subset has
2,079 total frames.

2.3. Data Augmentation

In order to increase the size of our training set, we added
augmented versions of the original 30 training clips. These
included a copy with salt and pepper noise added, a copy
that was horizontal mirrored, and a copy that has the frames
in the opposite order. These provided further examples to
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Figure 3: 3D Encoder-Decoder Architecture

train on that were slightly different from the original, and
we found a slight improvement in our results with these
added. This caused our training set to increase from 30 to
120 total clips.

2.4. Post-Processing

We additionally employed some morphological transfor-
mations to improve the quality of our output masks. After
thresholding the initial prediction, we first remove all pixel
objects that are composed of 3, 500 or less connected pixels.
Then, we fill in any remaining white holes that have 15, 000
or more connected pixels. These transformations also pro-
vided noticeable improvement in overall segmentation per-
formance; with that said, there are some drawbacks. Firstly,
this approach to post-processing is biased toward larger ob-
jects, as any clip with a foreground object that is inherently
smaller than 3,500 pixels will be removed. Additionally,
our main goal is for this to be a deep learning approach, and
we ideally would like to achieve equivalent or better results
without requiring post-processing.

2.5. Extended Dataset

A further method of improving the training set is provid-
ing additional diverse clips for training; in order to accom-
plish this, we combined two major datasets: JumpCut [2]
and DAVIS 2017 [7]. The JumpCut dataset combines a few
smaller datasets, for 22 clips with 6, 334 total frames. Clips
include various animals, humans, non-moving objects, and
fast-moving objects. DAVIS 2017 requires conversion to
binary segmentation, as the challenge for that version pro-
vides multiple segmentation classes in the ground truth an-
notations. We converted all of the classes to a single class,
restoring the dataset to binary segmentation. The training
subset of DAVIS 2017 includes DAVIS 2016’s 30 clips as
well as 30 newly-annotated clips of similar length, 60 clips
with a total of 4,209 frames. We trained a separate copy
of the same architecture on just this dataset for comparison
with the augmented version.
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Figure 4: Augmented DAVIS 2016 Training Loss

3. Results
3.1. Training

We fined-tuned the model on the augmented DAVIS
2016 training subset for 186,000 iterations, stopping it
when the loss became noticeably flat for an extended pe-
riod, pictured in Figure @ The loss rate throughout was
0.0001.

The model was separately fine-tuned on the extended
dataset for 147, 000 iterations as of now, and we aim to let
it further train and hopefully provide improved results. The
loss rate throughout was also 0.0001, and we expect it to
continue training effectively for a bit more before flattening
out.

3.2. Runtime

The computer for evaluation has an Intel (R)
Xeon (R) CPU E5-2630 0 @ 2.30GHz CPU with
36GB of RAM and an NVIDIA Titan Xp GPU. On av-
erage, it took 0.243 seconds to take an 8-frame clip and out-
put the predicted heatmaps for the 480p DAVIS 2016 eval-
uation subset. For improved runtime speed, skipping the
morphological transformations is recommended, as these
can be highly time-consuming compared to the rest of the
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Figure 5: Extended Dataset Training Loss

model.

3.3. Benchmarking Method

In order to quantify the quality of our predicted masks,
we calculate the Intersection over Union (IoU), also known
as the Jaccard Index [6], which for a ground truth mask T
and predicted mask P is defined as J = % [6]. The
intersection and union are based on comparing pixels be-
tween the two masks, as the intersection is the number of
foreground pixels the masks share and the union is the num-
ber of foreground pixels they have combined. The goal for
this benchmark is to get as close to 1.0 (100%) as possible.

3.4. Discussion

We evaluated the model on the 30 DAVIS 2016 eval-
uation clips, comparing our mean intersection-over-union
(mIOU) to some of the other unsupervised methods pro-
vided on the DAVIS challenge website [6], shown in Ta-
ble 2| and Table These results show promise, as we
plan on improving the architecture as well as the train-
ing set. Compared to [1]], our best-performing model has
noticeably better performance on clips such as goat and
motocross—jump but noticeably worse performance on
clips such as cows and parkour. Our worst performance
occurred on the bmx—t rees, which is understandable due
to its multiple instances of occlusion and noticeable camera
shake.

The mloU increased each time that we added post-
processing as well as when the dataset size was increased,
which shows the positive impact of both practices. As said
before, we aim to achieve similar or better results with-
out the post-processing, which would keep our solution as
one purely solved with deep learning as well. This would
also eliminate the inherent biases that these post-processing
methods can have on extremely small and large object sizes.
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Figure 7: Example Results for car—-shadow

Figure 8: Example Results for goat

4. Future Work

In the upcoming future, we plan to evaluate our model on
the YouTube-Objects mask subset [4] as well as Segtrack-
v2 [5l], providing further comparison for our method to the
state of the art. One concern for this evaluation is that we so
far have trained on HD video clips, and both datasets have
comparatively-lower resolution clips. Segtrack-v2 also re-
quires conversion to binary masks, as some clips have addi-
tional foreground objects annotated in a separate copy of the
frame. The YouTube-Objects mask subset has some clips



Table 2: Overall Mean Intersection-over-Union [6], where g indicates fine-tuning on the extended dataset of JumpCut and
binary-converted DAVIS 2017 training subset and p indicates that post-processing was utilized. Additionally, 4 indicates
training instead on the augmented DAVIS 2016 training subset and, for comparison, t indicates fine-tuning on the original

DAVIS 2016 training subset.
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Table 3: Per-Clip Mean Intersection-over-Union [6] com-
pared to NLC [1] 2x2x2
conv conv
Clip "OurmloU NLCmloU  Diff | maxpool

blackswan 0.539 0.875 -0.336

bmx-trees 0.149 0.212 -0.063 . o

breakdance 0.395 0.673 0278 Figure 9: The Current Maxpooling in the Encoder

camel 0.760 0.768 -0.008

car-roundabout 0.717 0.509 0.208 1x1Ix1

car-shadow 0.787 0.645 0.142 avgpool conv

cows 0.281 0.883 -0.602 /

dance-twirl 0.444 0.347 0.097

dog 0.551 0.809 20258

drift-chicane 0.640 0.324 0.316

drift-straight 0.490 0.473 0.017

goat 0.550 0.010 0.540 i T

horsejump-high 0.605 0.834 -0.229

. avgpoo conv

kite-surf 0.593 0.453 0.140

E}chross_jump gg% 822? 00321698 Figure 10: The Proposed Multi-Scale Maxpooling

paragliding-launch | 0.557 0.628 -0.071

parkour 0.502 0.901 -0.399 Lo

soooterbaek | 0422 ol6z__[oaw0 | R Bt e and erpoltion o

soapbox 0.594 0.634 -0.040

that are less than eight frames in length, which also limits
our ability to fairly evaluate on the entire dataset.

We also aim to test whether the inclusion of multi-scale
maxpooling in our pipeline will provide improved results,
influenced by the Pyramid Pooling Module in [9]. While
they utilized four different scaling factors, we plan to start
by using the original maxpool factor and one that shrinks
it twice as much. Since [9] used this technique for image
segmentation, we will also need to test whether the multi-
scale pooling is necessary in all three dimensions or if the
temporal space does not require the additional scale of max-
pooling. A visualization of this proposed method can be
found by comparing Figure [9) and Figure [10] They found
greater success by using averagepooling instead of max-
pooling, which is another method we can test as well.
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