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Abstract—Successful application of deep learning in medical
image analysis necessitates unprecedented amounts of labeled training
data. Unlike conventional 2D applications, radiological images can be
three dimensional (e.g. CT, MRI) consisting of many instances within
each image. The problem is exacerbated when expert annotations are
required for effective pixel-wise labeling, which incurs exorbitant
labeling effort and cost. Active Learning is an established research
domain that aims to reduce labeling workload by prioritizing a subset
of informative unlabeled examples to annotate. Our contribution is a
cost-effective approach for U-Net 3D models that uses Monte Carlo
sampling to analyze pixel-wise uncertainty. Experiments on the
AAPM 2017 lung CT segmentation challenge dataset show that our
proposed framework can achieve promising segmentation results by
using only 42% of the training data.
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. INTRODUCTION

ITH the widespread success of supervised deep learning
on semantic image segmentation [1][2][3], the amount of
labeled data required to train these networks has grown
significantly. This has led to posing severe constraints on the
applicability of deep neural networks in medical image analysis
where only trained experts or qualified professionals can
annotate data, and the costs associated with annotating
sufficient examples is drastically high. Moreover, manual
inspection of medical images can be very tedious and time-
consuming [4], clinical experts have limited availability, and
the imaging interpretation is subject to the experience of the
specialist [5]. The problem is exacerbated in medical image
semantic segmentation tasks, where effective pixel-level
labeling is required. This challenge has resulted in the
generation of significantly small public labeled datasets in the
medical imaging field (30 for ISBI EM Challenge [6] and 85
for Gland Segmentation Challenge Contest in MICCAI 2015
[7D).
To reduce the costs associated with manual annotation and
enlarge the training datasets, a number of techniques based on
active learning have been proposed [8][9][10][11]. The core
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idea is that the framework, iteratively, selects samples to be
labeled next, leading to a system that could potentially learn
from only a fraction of the data. In each iteration, the framework
selects a subset of samples from a large collection of unlabeled
images according to a policy and queries their labels. Once
labeled, the new candidates are added to the training set and the
training model is fine-tuned using the augmented training set.
This process is then repeated, with the annotated samples
increasing in size over time, until the performance on a
validation set plateaus. A thorough review of literature on
active learning solutions for medical image segmentation can
be found in Tajbakhsh et al. [12], with different active learning
methods that select candidates for annotation based on
informativeness and diversity of the data.

Existing uncertainty sampling techniques almost exclusively
operate on 2D images and do not directly extend to many
medical imaging modalities such as CT and MRI, which are
inherently three-dimensional. To our knowledge, active
learning applied to 3D U-Nets has not been investigated
extensively. The work of [13] comes closest to ours in spirit,
wherein the authors investigate active learning on whole 3D
images; most other approaches to date have considered 2D
images [14][15][16].

In this work, we evaluate the utility of active learning on 3D
medical imaging data from the AAPM 2017 lung CT
segmentation challenge [17]. We focus on 3D U-Net based
segmentation models [18], which have demonstrated state-of-
the-art results on various segmentation tasks in medical
imaging and widely considered to be the de facto approach to
semantic segmentation [19][20][21][22][23]. By introducing
active learning with precise pixel-level uncertainty
measurements on a publicly available dataset, our primary
objective is to encourage increased adoption of active learning
techniques within the medical imaging community.

I1.METHODS

Fig. 1 shows an overview of the proposed approach. Our
proposed methodology consists of two major components
including network training on the initial set of labeled data and
image uncertainty scoring on the unlabeled data. The following
section describes them in more detail:

Network Training: We choose 3D U-Nets as the architecture
for segmentation, which remains one of the most popular
convolutional neural networks (CNNs) in medical imaging
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Fig. 1 Overview of the proposed method.

[18]. We first train the segmentation network using a small
subset of training images that are randomly selected from the
labeled dataset D%, for which ground-truth annotation has been
acquired.

Image Uncertainty Scoring: Next, our active learning
method aims to query highly uncertain samples from the
unlabeled dataset, DY. We utilize a sample selection policy
based on Monte Carlo dropout. Implementing dropout has been
shown as an effective method to prevent overfitting during
training [9], while at test time, it enables us to understand pixel-
wise model uncertainty [14]. We then estimate the uncertainty
of an individual image pixel by computing the variance of T
different predictions generated by Monte Carlo sampling with
dropout. The precision at pixel-wise uncertainty scores
increases with increasing the number of dropout steps, T.

For a 2D image of [XxY] pixels, we denote with P (c)

our network’s predicted probability for pixel (i) belonging to
class (c) on run number t. Given this matrix of size [TxC] for
each pixel, we use mean values of the variance of these values
as an “uncertainty score”:
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We then sum up all the pixel uncertainty values for the whole
3D image, obtaining a numerical score for each patient to
estimate the prediction confidence, where a higher score is
associated with the most uncertain segmentations. Assigning a
numerical uncertainty score for each image has been previously
integrated in the cost effective active learning (CEAL) sample
selection method [24].

Next, the ground-truth annotations are collected for the
selected unlabeled images, added to the labeled dataset and
deleted from the unlabeled dataset. The segmentation network
is then retrained on the updated training dataset. The active
selection iteration is repeated until the annotation budget is
exhausted or the entire dataset is labeled.

Il. RESULTS

All experiments were conducted using the publicly available
AAPM 2017 lung CT segmentation challenge [17] which
contains thoracic CT scans acquired from 60 patients. The
dataset contains free form dense annotations for 5 organs: spinal
cord, right lung, left lung, heart, and esophagus. The detailed
descriptions of the dataset can be found in [25].

We use 50 random images from the challenge dataset,
splitting it into 22 images for training, 22 for testing, and 6 for
validation set. We start by training our network on 11 randomly
selected images, then on each iteration we compute the
uncertainty scores for each pixel, sum them up and select 5
images with the highest total uncertainties. We then estimate
the uncertainty of an individual image pixel by running
inference T = 5 times with dropout probability, p = 0.5. We
construct a matrix of size [5 x 6] for each pixel, where C=6 is
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Fig. 2 Segmentation results using active learning compared to random
selection.
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Fig. 3 Qualitative results of segmentation for two different patients. Red contour is the manual segmentation and blue contour is the UNet
generated segmentation with random selection or active selection. The results of training with fully labeled dataset is shown for comparison.

the number of classes (5 organs + background) in the dataset.
We assess the segmentation quality with Dice Coefficient [3]
which is presented in:

2|AB|
|Al+|B|

Dice (A,B) = 2
where A represents the U-Net predicted masks for image and B
its ground truth manual mask.

Fig. 2 shows the model’s performance in segmenting the
heart over multiple iterations of active learning. After running
two active learning iterations with 24 training epochs per run, it
already achieves a dice coefficient of 0.77 and it eventually
outperforms random selection over 4 iterations by 0.11 points.
We achieve validation dice coefficient of 0.77 on the second
cycle when applying active learning sample selection, while
training the same network on random sample selection results
in dice coefficient of 0.52. This outperforms random by 0.25
points. We can see that active learning selection method
outperforms random selection on the first cycle by 0.15 points.
Active learning selection method outperforms random selection
by 0.11 on the last cycle, reaching a mean dice coefficient of
0.87. This implies that annotating 42% of the objects in the
images can already result in satisfactory segmentations, i.e., the
annotation effort can be halved with no loss in
performance. Fig. 3 shows our qualitative results where the
result of random selection is compared to active selection for
segmenting the heart of two different patients.

In this study, we proposed an active learning-based method
for training 3D segmentation models using the U-Net
architecture, which has been relatively underexplored in the
medical imaging literature. Our results on the AAPM lung
segmentation challenge dataset confirm that comparable

accuracies can be achieved by actively labeling less than half of
the entire training dataset. Since 3D medical images require
slice-level annotations by trained experts, our results are a step
towards reducing the exorbitant costs of labeling medical
images. Future directions include active slice selection based on
similar uncertainty measures as well as empirical validation of
our approach on a number of other publicly available datasets.
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