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Abstract. Medical image data are often limited due to the expensive ac-
quisition and annotation process. Hence, training a deep-learning model
with only raw data can easily lead to overfitting. One solution to this
problem is to augment the raw data with various transformations, im-
proving the model’s ability to generalize to new data. However, manually
configuring a generic augmentation combination and parameters for dif-
ferent datasets is non-trivial due to inconsistent acquisition approaches
and data distributions. Therefore, automatic data augmentation is pro-
posed to learn favorable augmentation strategies for different datasets
while incurring large GPU overhead. To this end, we present a novel
method, called Dynamic Data Augmentation (DDAug), which is effi-
cient and has negligible computation cost. Our DDAug develops a hier-
archical tree structure to represent various augmentations and utilizes
an efficient Monte-Carlo tree searching algorithm to update, prune, and
sample the tree. As a result, the augmentation pipeline can be optimized
for each dataset automatically. Experiments on multiple Prostate MRI
datasets show that our method outperforms the current state-of-the-art
data augmentation strategies.
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ML

1 Introduction

The prostate is an important reproductive organ for men. The three most preva-
lent forms of prostate disease are inflammation, benign prostate enlargement,
and prostate cancer. A person may experience one or more of these symptoms.
Accurate MRI segmentation is crucial for the pathological diagnosis and progno-
sis of prostate diseases [16]. Manual prostate segmentation is a time-consuming
task that is subject to inter and intra-observer variability [6]. The development
of deep learning has led to significant advancements in many fields, including
computer-assisted intervention. With the advancement of technology, clinical ap-
plications of deep learning techniques have increased. There are multiple deep
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learning networks [9,17,27] designed to enhance the accuracy of automatic pro-
static segmentation. Different neural network structures, such as Vnet [17], U-
Net [20] and its variant nnUNet [8], can all be utilized for prostate segmentation.
These methods are all from the perspective of modifying the model structure to
improve the segmentation accuracy. However, in medical image segmentation
tasks, carefully designed network structure is prone to overfitting due to limited
data. To alleviate the data shortage, data augmentation is an effective means of
enhancing segmentation performance and model generalizability simultaneously
on small datasets.

Data augmentation aims to generate more data from the raw samples via
pre-defined transformations, which helps to diversify the original dataset [21].
Typical data augmentation techniques include affine transformations (e.g., rota-
tion, flipping, and scaling), pixel-level transformation (e.g., gaussian nosie and
contrast adjustment), and elastic distortion. For prostate MRI data, affine trans-
formation or GAN-based methods are frequently used [5]. However, the augment
selection and combination process that utilizes these aforementioned transforma-
tions are predominantly hand-crafted. It is difficult to identify which operations
are actually useful for the prostate segmentation task, thus often resulting in
sub-optimal combinations, or even degrading network performance. Automatic
data augmentation, with its ability to design different combinations, its flexibility
to remove useless augment operations, and its utilization of quantifiable metrics,
is a crucial technology that can solve this problem. Approaches to automatic
data augmentation need to strike a balance between simplicity, cost, and per-
formance [18]. In the field of natural image, early automatic augmentation tech-
niques [2,7,12,24] were GPU-intensive. Subsequently, RandAugment [3], Uni-
formAugment [13], and TrivialAugment [18] substantially decreased the search
cost while maintaining performance. Due to the variation between medical (spa-
tial context information and different morphologies of lesions and tissues) and
natural images, directly applying these approaches is either ineffective or unsuit-
able. The earliest work [26] utilized reinforcement learning (RL) for automatic
medical data augmentation, but it required a significant amount of computing
resources. The state-of-the-art automatic data augmentation framework (ASNG)
algorithm [25] formulated the automatic data augmentation problem as bi-level
optimization and applied the approximation algorithm to solve it. Although it is
more efficient than reinforcement learning, the time required to find a reasonable
strategy can still be highly demanding. Furthermore, using only rudimentary
spatial transforms can limit performance, and some state-of-the-art methods in-
volve searching the probability of operation, which can make the training process
inefficient.

To this end, we propose a novel automatic augmentation strategy Dynamic
Data Augmentation (DDAug) for MRI segmentation. Automatic data augmenta-
tion problem is formulated into the Monte-Carlo tree search problem for the first
time. The augmentation pipeline is represented as a tree structure, which is iter-
atively refined through updating, pruning, and sampling. In contrast to the pre-
vious method, our approach expands the search space by including more spatial
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augmentations and allows the tree structure to determine the optimal sequence
of augmentations while removing redundant ones. Moreover, our method’s flex-
ibility in selecting operations without having to search for the probability sig-
nificantly enhances its search efficiency. Our method adopts a novel approach
by using only a few augmentation operations at a time, yet achieving an effect
similar to that of manually combining multiple operations. Our DDAug method
achieves an optimal balance between simplicity, cost, and performance when
compared to previous approaches.

2 Methodology

Automatic augmentation search spaces and Monte-Carlo tree search constitute
our method. We meticulously selected a number of dependable operations on
medical images to compose our search space for the tree’s construction. The
search space consists of pixel-level and spatial-level transformations, as well as
the left and right ranges of their respective magnitudes. After the tree is con-
structed, a path is chosen for each training epoch, which is updated by the
validation loss, and nodes and their children in the chosen path that degrade
model performance are pruned. Finally, the path of the subsequent epoch is cho-
sen by random or Upper Confidence Bounds applied to Trees (UCT) [1] sampling
for different layers, and the cycle continues until training is complete. Fig. 1 il-
lustrates the procedure of the complete tree and the whole training process can
be summarized in Algorithm 1. We will elaborate on each section below.
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Fig. 1: Four Stages of Monte-Carlo Tree Search.

2.1 Search Space

The design of our search space is crucial to the performance of the final network.
To compensate for the absence of spatial-level augmentation operations, optical
distortion, elastic transformation, and grid distortion are added. Table 1 displays
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the complete search space. To better assess the efficacy of various operations in
relation to their magnitude, we divide the magnitude into left-range and right-
range whenever possible. Operations like brightness transform exhibit left-range
(decrease brightness) or right-range (increase brightness), whereas random crop
only has one magnitude range. This division allows for more precise control over
the magnitude range without significantly increasing tree size. The operations
of the root type pertain to the subsequent construct tree. These are necessary
augmentation operations for each path and are not involved in the search. We
forego the search for augmentation probability for two reasons. First, it would
significantly increase the size of the tree, making search inefficient. Second, if
a particular operation and magnitude range combination increases validation
performance, it will be sampled more frequently. And if the combination is prone
to degrade network performance, it will be swiftly removed.

Table 1: Augmentation Search Space. The root type refers to must-do operations
at the beginning of path selection. -’ denotes range not applicable.

Operations LR RR Type

Mirror - - root

Random Crop (0%, 33%)| - root
Contrast Adjustment | (0.5, 1) |(1, 1.5)| pixel-level
Gamma Transform (0.5, 1) |(1, 1.5)| pixel-level
Brightness Transform | (0.5, 1) |[(1, 1.5)| pixel-level
Gaussian Noise (0, 0.1) - pixel-level
Gaussian Blur (0.5, 1) |(1, 1.5)| pixel-level
Simulate low-res image| (0.5, 1) - pixel-level
Scale (0.5, 1) (1, 1.5)|spatial-level
Optical Distortion (0, 0.05) - |spatial-level
Elastic Transform (0, 50) - |spatial-level
Grid Distortion (0, 0.3) - |spatial-level

2.2 Tree Construction

Similar to tree nodes, different augmentation operations can be connected to
create various augmentation combinations. Additionally, we must consider their
order when using a sequence of augmentations. This resembles the structure
of a tree very closely. For efficient search purposes, we encode the automatic
data augmentation as a tree structure. To construct our tree using the specified
search space, we begin by generating a root node with mirror and random crop
operations. These operations serve as a set of foundational augmentations and
are always applied prior to the augmentation path chosen by tree search for each
epoch. The remaining augmentation operations will participate in the search, and
we use a three-layer tree structure to load the search space. Each node in the first
layer is an augmentation operation, and their child nodes are the augmentation
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operations that do not include their parent. There are no duplicate operations
on a single path, and no two paths have the same order of operations. The first
augment path is initialized as the leftmost path of the tree.

Algorithm 1 Training Process of DDAug
1: Initialize the augmentation tree.
2: Set the leftmost path as the first augment path.
3: for each epoch do
4 Train the model and calculate the validation loss.
5:  for each node in previously selected path do
6: Update node Q-value (Eq. 2) using moving average loss.
7.
8

Record validation loss change Lyode-
if Past 30 _| Lnoac > 0 then

9: Delete the current node and subtree of this node.
10: Break;

11: end if

12: end for

13: while not at leaf node do

14: if mean visited times < ky,.: then

15: Sample node using Random sampling.

16: else

17: Sample node using UCT sampling (Eq. 4).

18: end if

19:  end while

20:  Finish sampling path for next epoch.

21: end for

22: Inference and report testing data performance.

2.3 Tree Updating and Pruning

With the initialized path during tree construction, we train the model for one
epoch per path and calculate the validation loss L,q;. The validation loss is
computed utilizing the original nnUNet CE + DICE loss. The validation loss is
then employed to update the tree by calculating the moving average loss L,
using the following formula:

Lma = ﬁ ! Lf);ll + (1 - ﬁ) : Lf}al (1)

where 3 € [0,1] controls the ratio of current validation loss. L’ ! is the
validation loss of the previous epoch, while Lf , represents the validation loss
of the current epoch. We then update the Q-value of all nodes in the previously

selected path with:

Lma
Lt

val

Q= (2)
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A record of validation loss change Ly o4 = Lt —Lf);ll is kept for all nodes to
evaluate their overall impact on network performance. As we traverse the path
to update the Q-value, if the sum of the previous five L4 scores is greater than
0, the node is deemed to have a negative impact on the network’s performance

and is pruned from the tree.

2.4 Tree Sampling

After the pruning process, a new path needs to be chosen for the subsequent
epoch. Because the nodes have not yet been visited, we use random sampling
rather than Monte-Carlo UCT sampling at the beginning of the network training
process. We compare the k,.; threshold to the average visited times of the current
layer to determine when to switch to UCT sampling. The value of k. is set to
3, 1, and 1 times, for the first, second, and third layers of the tree, respectively.
The number of tree layers is expandable, but increasing the number of layers will
lead to the exponential growth of search space, which is not conducive to search
efficiency. At the same time, if the tree has less than three layers, the amount of
nodes and paths is extremely limited, thus decreasing the diversity introduced
via data augmentation.

Inspired by [23], we introduce a node communication term S to better eval-
uate the current node’s efficacy using nodes’ Q-value of nodes from the same
layer that has the same augment operation and magnitude range as the current
node.

Q(v)

n

S(uh) = (1=A)-Qu) + XY (3)
j=0

where v! is the i-th child node in the I-th layer, vé- is the other nodes that
have the same operation and magnitude range as v; in the [-th layer, and n
denotes the total number of vé-. A controls the effect of the node communication
term.

When the averaged visited times of all children of the current node exceeds
Kyet, we employ the following equation to calculate the UCT [10,23] score for all
children of the current node:

l l (I-1)
UCT(v}) = % + Oy % + Oy S(0h) (4)
where n! is the number of visited times of v}, and nz(,l_l) is the visited times of

its parent node in the (I — 1)-th layer.

A temperature term 7 [19] is utilized to promote greater discrimination be-
tween candidates by amplifying score differences, thus the sampling probability
can be calculated as

UCT (v!) )

exp(
UCT(’Ué) (5)

325 exp(——+)
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where v! are children of the current node. We sample a node from the current
group of children using the probabilities calculated, then continue the sampling
process until a leaf node is reached.

3 Implementation and Experiments

3.1 Datasets and Implementation Details

Datasets. We conduct our experiments on several 3d Prostate MRI datasets:
subset 1 and 2 are from NCI-ISBI 2013 challenge [4], subset 3 is from 12CVB
benchmarking [11], subset 4, 5, 6 are from PROMISE12 [14], and subset 7 is the
Task 005 prostate dataset from Medical Segmentation Decathlon [22]. Subsets
1 through 6 are acquired from and have been resized by [15]. All datasets are
then resampled and normalized to zero mean and unit variance as described in
nnUNet [8].

Implementation Details. For a fair comparison, we base our implementation
on the original nnUNet repository. We utilized stochastic gradient descent with
Nesterov momentum and set the learning rate of 0.01. Each fold trains for 200
iterations, and each iteration has 250 batches with a batch size of 2. Given that
there are no additional GPU costs, training time with DDAug was comparable
to training time with nnUNet, which is approximately 30 GPU hours on a single
NVIDIA GeForce RTX 3090. The speed demonstrates the efficiency of our tree
search. Our code will be available after acceptance.

Compared Methods. Since the previous version of nnUNet used by ASNG [25]
requires ten days of GPU processing time and our objective is to create an effec-
tive and efficient automated search method, we only compare these to the latest
version of nnUNet. Limited by the size of each subset, we conduct all of our
experiments using 5-fold cross-validation and report the mean validation DICE
score inferred with weights from the last epoch. Our baselines are established
via training nnUNet using no augmentatin (NoDA) and using default augmen-
tations (moreDA). The ‘moreDA’ is a set of sequential augmentations including
scaling, rotating, adding gaussian noise, adding gaussian blur, transforming with
multiplicative brightness, transforming with contrast augmentation, simulating
low resolution, performing gamma transform, and mirroring axis.

Ablation Study. In our ablation study, we start by inserting the uniform
sampling mechanism described TrivialAugment [18] into moreDA to assess the
viability of using the natural image SOTA approach on medical image. We then
include additional spatial augmentations (Spatial SS) into moreDA to evaluate
the effectiveness of the proposed search space. Finally, we replace moreDA with
DDAug to examine the advantage of using the expanded search space inconjunc-
tion with Monte-Carlo Tree Search (MCTS).
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3.2 Experimental Results

Table 2: Augmentation performance of different Prostate datasets on Dice (%).
Subsets represent different prostate datasets and the backbone is nnUNet.
NoDA: No augmentation; moreDA: sequential augmentation; Spatial SS: our
designed search space; TrivialAugment: natural image SOTA method;

DDAug: MCTS + our search space (proposed method).

Method Subset 1|Subset 2|Subset 3|Subset 4|Subset 5|Subset 6{Subset 7||Average
NoDA 79.12 | 80.82 | 84.57 | 82.02 | 78.10 | 82.77 | 72.36 79.97
moreDA 79.64 | 81.66 | 87.60 | 81.38 | 83.74 | 87.12 | 71.23 81.77

Trivial Augment 80.39 | 82.21 88.42 82.60 86.36 86.60 72.58 82.74
Spatial SS (Ours)|| 79.96 | 82.18 87.68 83.74 85.69 86.99 72.90 82.73
DDAug (Ours) 80.27 | 82.72 | 87.46 | 88.59 | 86.40 | 87.17 | 73.20 || 83.69

The five-fold average Dice similarity coefficients of different methods are
shown in Table 2. As we can see, in general, adding augmentation to the prostate
MRI dataset is better than no augmentation. moreDA demonstrates some im-
provement from NoDA on most of the datasets, and additional performance
increase are observed when expanding the search space by adding spatial-level
augmentations. When comparing the performance of Spatial SS and TrivialAug-
ment, the improvement prove to be inconclusive, as three out of seven dataset
exhibits degradation. This is likely due to the fact that TrivialAugment uses uni-
form sampling over the search space, and unlike our DDAug, does not consider
the efficacy of different operations. We are able to further improve the results by
utilizing DDAug’s full search space and its tree search method. It is important
to note that moreDA contains 9 sequential augmentations while DDAug only
uses 5. This indicates that simply piling on more augmentations sequentially is
not the optimal solution. Though using only a few operations per epoch, DDAug
still achieves the highest average DICE when looking at all 7 subsets with near-
zero computing consumption. While inspecting validation segmentation results,
we also noticed that DDAug is significantly more robust when segmenting vali-
dation cases as shown in Supplementary Material Fig. 1. DDAug demonstrates
enhanced robustness against its counterparts. Augmenting data sequentially, on
the other hand, was not able to handle difficult validation cases.

4 Conclusion

We propose an efficient and zero GPU overhead automatic data augmentation
algorithm for prostate MRI segmentation. Comparing previous approaches, we
include additional spatial transformations into the search space, and adopt a
Monte-Carlo tree structure to store various augmentation operations. An opti-
mal augmentation strategy can be obtained by updating, pruning, and sampling
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the tree. Our method outperforms the state-of-the-art manual and natural im-
age automatic augmentation methods on several prostate datasets. We show the
feasibility of utilizing automatic data augmentation without increasing GPU con-
sumption. In future work, we will further investigate the generalizability of tree
search on other medical segmentation datasets, e.g., liver cancer segmentation,
brain tumor segmentation and abdominal multi-organ segmentation.
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