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Abstract

velopment of Deep Learning, we train a U-Net [10] to
perform binary segmentation on multiple categories of objects, expecting that the network is capable of generalizing
to other unseen objects. As a comparison, we also replicated
two traditional methods for Semi-automatic Segmentation,
known as GrabCut and Binary Segmentation. We evaluate
the effectiveness of all methods on Geodesic Star Convexity
Dataset [3] and compare the performance of the methods by
calculating the IoU of the output masks. The result shows
that U-Net [10] is the best model in this dataset with good
generalization ability. We also visualize the segmentation
results to perform a qualitative evaluation to obtain a better
understanding of the performances.

In this project, we replicate two traditional computer vision algorithms, i.e., GrabCut and Binary Segmentation for
semi-automatic segmentation. We also introduce a Deep
Learning method to demonstrate the effectiveness of Convolutional Neural Networks to extract semantic information from visual information. We evaluate the results on
the dataset previously published by Oxford VGG. Intersection over Union (IoU) is selected as the judging metric for
segmentation. The experiment suggests that U-Net, the selected CNN architecture surpassed both traditional algorithms in this benchmark. The U-Net is robust to all categories of objects in the dataset, indicating its good generalization ability. The code, models, and results are available
at https://github.com/lpzjerry/GrabCut-FCN.

2. Methodology
2.1. GrabCut
Grabcut [11] was first presented in 2004 by researchers
Carsten Rother, Vladimir Kolmogorov and Andrew Blake
in their paper, ”GrabCut”: interactive foreground extraction
using iterated graph cuts. This algorithm is used to segment foreground and background, and it would provide better performance when there is a bounding box of the foreground or an annotation mask with foreground and background information.
The principle of the theory is based on Gaussian Mixture
Model (GMM) which can model the foreground and background. As mentioned before, if we give the bounding box
of the foreground or the annotation information, GMM will
learn and create new pixel distribution according to them.
The unknown pixels are labeled either probable foreground
or probable background depending on its relation with the
other hard-labeled pixels in terms of color statistics. Then,
a graph is built based on pixel distribution. Source node
and sink node are added to the graph. Connect all possible
foreground to the source node and all possible background
to the sink node. The weights of edges connecting pixels to
the source node/end node are defined by the probability of
a pixel being foreground/background. The weights between
the pixels are defined by the edge information or pixel sim-

1. Introduction
Segmentation or pixel-wise classification is a fundamental and critical problem in Computer Vision. With the rapid
development of Deep Learning in recent years, many Neural Networks [9, 4, 8, 7] are proposed to address the problem of Semantic Segmentation. Due to the increasing availability of annotated data [2, 6, 1], the performances of
these Deep Learning methods are reasonably good in many
scenarios. However, it is costly and time-consuming to
manually annotate a large amount of data by pixel, semiautomatic segmentation that provides pixel-wise labels with
limited human input become a demanding task. To address
this problem, many previous works [11] use the graphbased model for clustering pixels, such that with raw annotations in lines or bounding boxes, the models are capable
of performing binary segmentation for a single object in a
small region.
The task of Semi-automatic Segmentation can be formulated into a pixel-wise binary segmentation problem. It is
a simplified version of multi-label semantic segmentation
since we only focus on the foreground without considering the category of the objects. Inspired by the recent de1

tion in the upsampling stage. As the Semi-automatic Segmentation task can be formulated as a binary segmentation
task, we may use a Binary Sigmoid Cross Entropy (BCE)
loss (for ultimate pixel accuracy) or dice coefficient (for best
IoU) to optimize the network. In the test phase, all pixels in
the output mask over Sigmoid with a value of greater than
0.5 is mapped to positive and vice versa. The network is
trained using Stochastic Gradient Descent (SGD) algorithm
with a learning rate of 0.1 and a weight decay of 0.0005.
The U-Net is trained by five epochs over the dataset, and
we select the best model on the validation set as the model
in the test phase.

3. Experiment
Figure 1. U-Net Architecture.

To evaluate our result, we use the dataset introduced in
Geodesic Star Convexity for Interactive Image Segmentation [3]. This dataset is a combination of PASCAL VOC
2007 dataset [2], GrabCut dataset [11] and Alpha matting
dataset, consisting of 151 images with both binary mask annotations and raw foreground/background annotations. To
provide extra supervision, we further manually annotate the
bounding boxes for each object of interests in this dataset.
Since the U-Net requires training, we split the dataset into
a training and validation set with 121 images and use the
rest 30 images as the test set that is invisible to the network
except the evaluation stage.
For the evaluation metric, we use Intersection over
Union (IoU):

ilarity. Then a min-cut algorithm is used to segment the
graph. It cuts the graph into two separating source node and
sinks node with a minimum cost function. The cost function is the sum of all weights of the edges that are cut. After
the cut, all the pixels connected to the source node become
foreground and those connected to the sink node become
background. Do the process iteratively until the classification converges.

2.2. Binary Segmentation
Given sparse markings of foreground and background
by the user, it calculates SLIC superpixels, and runs a
graph-cut algorithm. Color histograms are calculated for
all superpixels and foreground-background. This algorithm
takes into account superpixel-superpixel and superpixelForeground/Background interaction to obtain a final binary
image segmentation.

IoU =

target ∩ prediction
target ∪ prediction

We test all three methods using different annotations as
input. For GrabCut and Binary Segmentation, we tested the
methods with or without manual annotations. For the UNet, we trained both on the original images and the cropped
images from our annotated bounding boxes. Due to the limited time and computational resources, we did not fully explore the hyperparameters for U-Net.

2.3. U-Net and CNN-based Semantic Segmentation
Convolutional Neural Networks [5], typically Fully
Convolutional Networks (FCNs) [12, 9] achieved remarkable result in Semantic Segmentation. These FCN networks
typically comprise a downsampling network with a stack of
convolution layers and an upsampling network with a stack
of transposed convolution layers. The downsampling and
upsampling layers are symmetric such that the final output
is of the same spatial size as the input image. Pixel-wise
classification is performed as the gradient is calculated as
the classification loss of each pixel. The network is optimized end-to-end, and the weights in the network are updated by the gradient backpropagation.
In this project, we choose U-Net as our network architecture, as shown in Figure 1. The U-Net is an optimized
version of FCN. It is symmetric, and a skip connection between the downsampling and upsampling branch is introduced to concatenate local information with global informa-

4. Result Analysis
4.1. Quantitative Evaluation
The result of the experiments is shown in Table 1. Result
suggests that U-Net with bounding box is significantly better than the two traditional methods. For both GrabCut and
U-Net, the bounding box is critical to the result. It could
be explained that semantic information is hard to be directly explored since the superpixels are identical to each
other such that it is hard for the models to predict the foreground without any prior knowledge. The models without
parameters are not as good as the model with parameters,
while GrabCut and Binary Segmentation is more sufficient
since the training stage is omitted. The U-Net also shows
2

Method
GrabCut
Binary Segmentation
U-Net

Input
Image
Image+Box
Image+Box+Annotations
Image+Annotations
Image+Box

IoU
0.1950
0.4096
0.4217
0.4408
0.5527

tation, this problem could probably be addressed by future
experiments to ensemble these methods together.

5. Conclusion
In this project, we replicated three major Semi-automatic
Segmentation Algorithms on the VGG dataset, and we evaluated these methods both from the quantitative aspect and
qualitative aspect. Our result proves that U-Net or deep
learning models has good generalization ability to extract
semantic information from features and are robust to the
geometrical shape or size of objects. Our experiment suggests that using low-level vision algorithms to avoid coarse
boarders could probably improve the performance of FCNs.
Future experiments are expected to evaluate our hypothesis.

Table 1. Result of the replicated methods. U-Net with bounding
box achieves the best result in this dataset.
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Figure 2. Qualitative Evaluation. From left to right: original image, result by GrabCut, result by U-Net.

good generalization ability, as the dataset contains multiple
classes of object. It suggests that deep learning is capable of
exploring semantic information from the extracted features
given a sufficient amount of training data.

4.2. Qualitative Evaluation
Figure 2 are images randomly selected from the test set.
Intuitively, the result of U-Net is better than the GrabCut
results, especially for the bus image. It suggests that UNet has good generalization ability and can perform semiautomatic segmentation relatively well over many categories. While the U-Net tends to output masks with coarse
boarders, as the predictions are made by each pixel instead
of a cluster of pixels together as GrabCut or Binary Segmen3
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