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Abstract—When training convolutional neural networks, noise
distribution in data can affect segmentation accuracy. Therefore,
many neural networks will strengthen the segmentation ability of
the model by artificially adding noise. However, because the noise
distribution of the input data is not known, the model training
process can only generate random noise, e.g., gaussian noise,
but cannot simulate real-world noise. In the medical imaging
domain, more attention is paid to the image contours, which can
also be used for noising simulation. Meanwhile, considering the
existence of rich unlabeled data sets in medical images, this paper
proposes a semi-supervised framework for uncertainty estimation
by using Monte Carlo Dropout and generates adaptive noise using
the uncertainty map. Specifically, the framework consists of three
parts, including a noise generation model, a teacher model, and a
student model. The noise generation part processes the data input
to the other two parts and uses the contour feature identified
by the posteriori uncertainty map to simulate priori noise to
guide the process of training segmentation model. Meanwhile,
the student model updates its parameters based on the teacher
model output and the ground truth annotations by minimizing
a joint loss. Segmentation experiments on left atrium 3D data
show that our method has competitive results with other SOTA
semi-supervised methods.

Index Terms—semi-supervised learning, uncertainty estima-
tion, contour noise generation, medical image segmentation

I. INTRODUCTION

Automatic segmentation of medical images takes an impor-
tant part in the analysis of many diseases nowadays. However,
in medical imaging domain, delineating clear annotations from
3D medical images often requires cumbersome labeling, which
means it’s a costly process to acquire labeled data and requires
the assistance of experienced experts. Considering there are
plenty of unlabeled data, we think implementing a semi-
supervised segmentation method can help to make the best
use of the limited labeled data and the rich unlabeled data.

In the medical imaging community, many attempts have
been made to utilize unlabeled data to make segmentation
network achieves a higher performance. Adversarial learning
has been adopted during the semi-supervised training pro-
cess [1]-[3]. Zhang et al. [3] utilized unlabeled images by
maximizing the consistency of segmentation results between
unlabeled images and labeled images. Nie et al. [2] adopted
adversarial networks to find trustworthy regions to crank up
the segmentation performance. Wang et al. [4] overcame
the effect of noisy pseudo labeling by incorporating Cycle-
GAN’s noise-robust learning method. Considering that self-

ensembling methods [5], [6] have achieved good results on
unlabeled data, Li et al. [7] utilized the [ model [5] to
doing skin lesion segmentation task. Other approaches [&],
[O] used weighted average consistency targets in the field of
MR segmentation. Multi-task and multi-view learning methods
have also received attention. Luo et al. [10] jointly predicted
pixel-level segmentation maps and geometric-aware level set
representations of targets using a dual-task deep network. Li
et al. [11] jointly predicted semantic segmentation of object
surfaces and signed distance maps (SDM) by developing a
multi-task deep network. Xiao et al. [12] designed a model
consisting of three deep convolutional streams to process dif-
ferent views. Considering that self-attention can better capture
contextual relationships, Liu et al. [13] enhanced the efficiency
of segmentation by introducing the attention mechanism. Luo
et al. [14] improved the segmentation performance by combin-
ing CNN and Transformer. Yu et al. [15] presented a network
with two identically structured models by drawing on the
mean teacher idea. The model takes both roles of teacher
and student. When it acts as a teacher, it generates student’s
learning goals. Meanwhile, it utilizes the targets generated by
the other model as a student. Also, since the same architecture
is adopted, the learning process does not require using a shared
weight strategy. This overcomes the limitations of temporal
ensembling, while the goal model has a better intermediate
representation since weight averaging improves the output of
all layers. The Monte Carlo Dropout method used to estimate
the uncertainty of inference results was presented by Gal
et al. [16]. Since the method was presented, several works
have tried to utilize or improve its performance. Shamsi et
al. [17] used the uncertainty in the loss to make the model
more accurate and repeatable. Fabi et al. [18] found that it
can also represent the uncertainty of intermediate features to
obtain the feature map better. However, these methods can only
improve the robustness of the model by generating random
gaussian noise because the noise distribution in input data is
unknown, and they cannot simulate real-world noise to guide
the model training. Moreover, Monte Carlo Dropout utilized
in these works was only used for uncertainty estimation in the
posteriori process and was not considered a guide for priori
noise generation.

In this paper, as shown in Fig.1, we illustrate a new network
using the uncertainty-aware approach and semi-supervised
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Fig. 1. Comparison of methods for artificially adding noise to strengthen the segmentation ability of the model. Conventional methods can only generate
random gaussian noise because the noise distribution in input data is unknown and cannot simulate real-world noise. Our method can simulate the noise

associated with image contours during the priori process.

framework. The framework generates adaptive noise by es-
timating model uncertainty using Monte Carlo Dropout. Our
approach achieves higher segmentation performance by draw-
ing on the same mindset as the mean teacher spirit [6]. The
framework consists of three parts, including a noise generation
model, a teacher model, and a student model, where the
noise generation model simulates the priori noise containing
contour feature determined by the uncertainty of the inference
process. Our method is evaluated on MICCAI 2018 Atrial
Segmentation Challenge dataset'. The results show that our
semi-supervised method has competitive results with other
SOTA semi-supervised segmentation methods.

II. METHOD

Fig.2 illustrates our proposed segmentation framework
based on adaptive noise generation. The input image is first
fed to a noise generation model to generate adaptive noise
containing contour features. Generated noise will be combined
with all unlabeled data and passed to the teacher model for
inference. The inference results are again passed through the
noise generation model, and the uncertainty of the inference
process is estimated. All the image patches in the input data
will be considered as containing noise and fed to the student
model for prediction. The parameters of the final noise genera-
tion model are updated by the uncertainty map calculated using
the Monte Carlo Dropout method. Meanwhile, after receiving
inputs containing contour noise, the student model updates
its parameters based on the teacher model output and the
ground truth annotations by minimizing a joint loss, which
consists of consistency loss on the unlabeled data compared
with the target of the teacher model and segmentation loss of
the supervised process. In this regard, uncertainty is estimated
using Monte Carlo sampling, and generate the contour feature
based on the uncertainty of the network prediction and used
as the ground truth of the noise generation model. Guided
by the estimated uncertainty, unreliable predictions can be
filtered out, and noise with more prominent contour features
can be generated. As a result, the weighted parameters of the
student model are further optimized. In turn, we update the
weighted parameters of the teacher model by adopting the ex-
ponential moving average method, improving robustness while
encouraging the teacher model to perform a more accurate
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segmentation. In this process, noise generation, student, and
teacher models adopt the same backbone, which is modified
from VNet, and the basic content remains the same as tradi-
tional VNet, with down-sampling and up-sampling modules in
successive convolutional and deconvolutional blocks and skip
connections between each block. Adaptive noise or prediction
is finally generated.

A. Semi-Supervised Learning

We formally present the semi-supervised segmentation
learning process. Assume the input dataset is a combination
of labeled data and unlabeled data with size N and M,
respectively. input z; € RHEXWXD and target annotation
y; € {0, 1}xWxD Our segmentation framework is updated
by minimizing the following joint loss function.

M N
Loss = Z L.(f(x; + noise);y;) + A Z Lo(f(xi);y:) (1)
i=1 i=1

Here unsupervised consistency loss is L., which is used

to evaluate the consistency of the predictions of the teacher

model and the student model given the identical data under

added noise. Supervised loss is Ls, which is used to measure
the quality of the model’s prediction on labeled data.

B. Noise Ground Truth Generating

More attention paid to image contours in the medical image
can boost segmentation performance so that contour-weighted
generation noise can be considered in the a priori process.
Monte Carlo Dropout estimation method is used to obtain the
approximate contour of the image at the input data stage to
calculate a posteriori uncertainty map and use it as the target
when training the noise generation model.

Monte Carlo Dropout method for estimating model
uncertainty. In the concrete implementation of the method,
we propagate the model 7' times and add noise generated by
the noise generation model during each propagation. Assume
the probability of the c-th class after the k-th propagation is
p5- Then the overall uncertainty u can be obtained following
the below equation.

1 C
= ijpk 2)

w=—_ uilogu; 3)
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Fig. 2. Our pipeline of proposed segmentation framework based on adaptive noise generation. Noise generation model adds adaptive noise to simulate the
contour feature in input data to enhance the model performance. The student model updates its weighted parameters by minimizing joint loss including
consistency loss on unlabeled data and supervised loss on labeled data. Meanwhile the teacher model help the student model to make more trustworthy
prediction by estimating the uncertainty of the target. EMA is short for exponential moving average.

Uncertainty map guides the consistency loss. The consis-
tency loss will only be calculated for voxels below a given
threshold on the uncertainty map when the student model
updates its parameters. The calculation equation is given by
the following.

S, || (us < H)MSELoss(f:., £.)
2 Il (ui < H)

Here I(||) denotes the indicator function. f; and f, denote
the predicted values of the teacher and student models at
voxel i, respectively. the uncertainty w at voxel ¢ is u;, and a
threshold value H is set to select the most reliable target.
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C. Technique Details

We randomly crop one million sub-volumes as network
inputs. Standard data enhancement techniques are used to im-
prove segmentation performance, including random flips and
random rotations. SGD optimizer is used to update the model
parameters. Specifically, we adopt (3 as the exponential moving
average decay to control the update rate and modify the
teacher model’s weighted parameters. A gaussian heating func-
tion changing depending on time is used following the process
of [5], [6] to solve the different contributions of unsupervised
consistency loss and supervised loss. T' = 8 is set to trade off
the quality of uncertainty estimation against training efficiency.
This strategy is also used to update the uncertainty threshold
H when calculating the consistency loss. Other important
hyperparameters are listed as follows. Batch size is set to 32.
The maximum number of training iterations is set to 6000,
where every compared method convergences on this state.
Learning rate is set to 0.01 initially and updated every 2500

. . . . iteration number
iterations using this formula /7 = 0.01 % 0.1 2500

III. EXPERIMENTS
A. Dataset

Our method is evaluated on the dataset of the 2018 Atrial
Segmentation Challenge, which contains 100 MR imaging
scans and annotated ground truth for learning. We divide these
100 scans into 80 for training and 20 for evaluation. All
scans are pre-processed using the standard data processing
techniques including normalizing, unit variance, and center

cropping.
B. Evaluation of Our Method

Fig.3 shows the segmentation examples of our semi-
supervised approach, the visualization results of the noise map
and uncertainty map in two test samples. It can be noticed that
the a priori noise map in Fig.3 (c) can simulate the Fig.3 (d)
posteriori uncertainty map well.

We evaluate our method using four metrics: Dice, average
surface distance (ASD), Jaccard, and 95% Hausdorff Distance
(95HD). Among the training samples, we divided labeled data
and unlabeled data with a ratio of 1:5, which means most
of the data are unlabeled data. Table I shows the results of
our method compared with other methods. Our method has
the best result for Dice, and ASD, Jaccard, 95SHD perform
equally well.

IV. CONCLUSION

We propose a new semi-supervised framework by generat-
ing adaptive noise through uncertainty estimation for segmen-
tation in medical imaging domain. By utilizing the posteriori
uncertainty map, we simulate the contour feature during the
priori process to guide the model training. Meanwhile, the
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Fig. 3. Visualization of results, including segmentation masks, adaptive noise map, and uncertainty map. The color brightness indicates the prediction
probability. Our method can segment the target better, while the adaptive noise map can represent the contour feature well.

TABLE I
RESULTS OF OUR METHOD COMPARED WITH OTHER METHODS.
Method Dice[%] | ASD[voxel] | Jaccard[%] | 95HD[voxel]
Self-training [19] 2017 86.92 221 77.28 9.19
DAN [3] 2017 87.52 242 78.29 9.01
ASDNet [2] 2018 87.90 2.08 78.85 9.24
TCSE [7] 2018 88.15 244 79.20 9.57
UA-MT [15] 2019 88.83 3.12 80.13 7.32
DTC [14] 2021 88.52 2.08 79.74 8.54
Attention V-Net [13] 2022 89.08 1.94 82.48 8.22
Our method 89.25 2.29 80.71 7.49

mean teacher structure helps to make the best use of the
rich unlabeled data. We demonstrate the effectiveness of our
method by comparing it with other SOTA semi-supervised
methods. Future work includes analyzing the impact of other
noise generation backbones and applying our framework to
other semi-supervised segmentation tasks in the medical imag-
ing domain.
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