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ABSTRACT

Much of the success of convolutional neural networks (CNNs)
is due to the enormous collections of labeled data, powerful
GPUs, and modern network architectures that facilitate the
training and testing of larger and deeper models. The limited
size of labeled volumetric microscopy images, however, hin-
ders the proper training of CNNs for volume segmentation.
Here, we design various 2D and 3D CNNs with factorized
convolutions and online feature-level augmentations to ad-
dress challenges due to the scarcity of training data. Based
on the experimental results, we found that the 3D CNNs con-
sistently outperformed the 2D counterparts. In addition, the
3D CNN that uses both factorized convolutions and online
feature-level augmentations achieved the best segmentation
performance.

Index Terms— Convolutional neural networks, volume
segmentation, microscopy images

1. INTRODUCTION

Recently convolutional neural networks (CNNs) have been
successfully applied to segment natural image datasets such
as the Pascal Visual Object Classes (VOC) dataset [1]. Typ-
ical training of a CNN requires many labeled samples (e.g.
6929 labeled images in Pascal VOC 2012) that cover a wide
variety of the target objects. Nevertheless, microscopy image
datasets contain considerably fewer labeled samples, usually
no more than a few hundred. The limited availability of data
arises from high costs in collecting and labeling microscopy
images. Whereas deeper CNNs have achieved better perfor-
mance in the past [2], the scarce training data increasingly
raises the risk of overfitting as model complexity grows.

Data augmentations directly address the scarcity of train-
ing samples by generating additional similar samples from the
existing ones. Standard augmentation operations such as ran-
dom rotation, scaling, and cropping have been shown to im-
prove prediction accuracy for image classification [3]. Never-
theless, these operations implicitly assume specific properties
(e.g. rotation- and scale-invariance) of the target objects in
the data; these assumptions are not always realistic or valid
in applications other than image classification. To the best of
our knowledge, there has been no systematic evaluation on
data augmentations for microscopy data segmentation.
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Besides using the application-dependent data augmenta-
tions, we approach the problem by finding suitable CNN ar-
chitectures for volumetric segmentation in general. Both 2D
networks, which treat the volume as a stack of image slices
and segment slice-by-slice [4], and 3D networks that directly
describe the spatial relationships in all three spatial dimen-
sions reported promising results in the past. One severe draw-
back of 2D networks is that they do not exploit information
across slices. On the other hand, the power of 3D convo-
lutions [5] comes at the expense of a significant increase in
the number of parameters, which may result in overly com-
plicated networks. A factorized CNN uses only low-rank
filters instead of full-rank ones, thus leading to a simplified
model that reduces computation, avoids overfitting, and im-
proves generalization for image classification problems [6].
Although factorizations appear to be powerful for applica-
tions with scarce training data, their effectiveness in volumet-
ric segmentation is yet to be studied.

Given the strengths and drawbacks for both 2D and 3D
networks, in this paper we study how they compare with each
other empirically in terms of segmentation performance for
microscopy datasets. We design and evaluate the performance
of 2D and 3D CNNs (Section 2.1) that use factorized convo-
lutions (Section 2.2) and online feature-level augmentations
(Section 2.3). We modify the shortcut connection in residual
blocks [2, 7] to perform online feature-level augmentations by
combining features sampled from a controlled random neigh-
borhood. Finally, we train the CNNs with a Jaccard index-
based loss function (Section 2.4) to alleviate the class imbal-
ance problem, which is also aggravated by the limited train-
ing data. Our experimental results show that the factorized
3D CNN with online feature-level augmentations performed
the best among nine variants of CNN architectures, including
the widely used U-Net [8].

2. CONVOLUTIONAL NEURAL NETWORKS

Our architecture of the CNNs follows the fully convolutional
network [9] that takes an input image and outputs the cor-
responding dense prediction, of the same spatial resolution
as the input image. For simplicity, we describe only the 2D
CNNs here; for 3D CNNs, replace the relevant components
by the 3D counterparts (e.g. 2D by 3D convolutions).
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2.1. Network architecture

The CNN contains the encoding and the decoding part that
gradually decreases and increases spatial resolution, respec-
tively (Fig. 1). The decoding part, which is shown to be
less influential to the overall segmentation performance [10],
has much fewer parameters than the encoding part. The
CNN consequently has an asymmetric structure as opposed
to the symmetric U-Net [8]. We use batch normalization
(BN) [11], Parametric Rectified Linear Unit (PReLU) [12],
and dropout [13] in the building blocks shown in Fig. 1.
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Fig. 1. The CNN contains the encoding part and the decoding
part. The numbers enclosed in the parentheses represent the
numbers of output feature maps. A “/2” or “x2” indicates a
change in spatial resolution after the (blue) block.

Given the input images, we first concatenate the result of
max-pooling with the result of stride-two convolution in the
input block. The following encoding blocks are implemented
as pre-activate residual blocks [7]. In each block, we stack
two 3 x 3 convolutional layers to enlarge the receptive field
with a manageable increase in the number of parameters [14].
The number of feature maps is increased by eight after each
encoding block (left column of Fig. 1) to avoid a sudden in-
crease in the number of feature maps [15]. We use the same
zero-padding strategy along the feature dimension [15] for
the shortcut connections when the number of feature maps
changes (white encoding blocks in Fig. 1). When spatial reso-
lution decreases (blue encoding blocks in Fig. 1), the shortcut
connections combine features after applying downsampling
and projection. We will elaborate more on modifying the
downsampling operation to perform feature-level augmenta-
tions later in Section 2.3.

In the decoding part, we use the conventional bottleneck
blocks [7], which perform convolutions in a reduced interme-
diate space created by projection, to further reduce the num-
ber of parameters. When spatial resolution increases (blue
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decoding blocks in Fig. 1), we replace the convolution by a
stride-two 3 x 3 transposed convolution [9] to double the spa-
tial resolution.

2.2. Factorized convolutions

Although 3D convolutions are powerful in describing the re-
lationships among objects along the z-axis, they use 3D ker-
nels that contain an order of magnitude more parameters than
2D kernels. For example a 3 x 3 kernel has nine weights
whereas a 3 X 3 x 3 kernel has 27 weights. The significant
amount of parameters in 3D CNNs may cause the model to
overfit the training data and degrade its performance during
testing. When only given a limited amount of training data,
the overfitting problem is a major concern, especially for the
3D CNNs.

Factorized convolutions that approximate a full-rank 2D
kernel with multiple low-rank kernels have been shown to
reduce computation without compromising performance [6].
Using low-rank kernels also reduces the number of parame-
ters. For example, the total number of parameters decreases
from nine to six by approximating a 3 x 3 full-rank kernel by
al x 3and a3 x 1rank-1 kernel. Here we replace the m
feature maps generated by the 3 x 3 full-rank convolution in
an encoding block by the concatenation of two rank-1 convo-
lutions, each outputs 7 feature maps. The same strategy is
applied to the full-rank 3D kernels.

2.3. Augmentations

Data augmentation is a common practice to enlarge the train-
ing set. Assuming that the target structures are rotation-
invariant, we flip the image along the z- and y-axes (and
z-axis too in the 3D CNNs) to create more training samples.
We also apply elastic deformation [8], which is a commonly
used deformation technique for creating realistic tissue im-
ages with variations.

Besides the aforementioned data-level augmentations, we
modify the residual block to perform online augmentation at
the feature-level when downsampling. This idea is motivated
by the fractional max-pooling [16], which creates a random
spatial sampling pattern to allow non-integer strides when
pooling. Because the sampling pattern varies, the same input
creates a large set of candidate results, perturbing the results
in all subsequent layers. Here we apply a similar idea and
implement the downsampling used in shortcut connections as
a random spatial subsampling (Fig. 2). Whereas the original
design adds the input feature maps at specific locations (e.g.
all odd rows and odd columns when stride equals two) to the
results of convolution [2], we apply a sampling strategy to
allow the flexibility of selecting from a local neighborhood.
This flexibility introduces augmentations at the feature level
and can be used together with other data-level augmentations.

The stochastic sampling pattern is generated by first parti-
tioning each spatial dimension of the input feature maps into



non-overlapping regions of size ¢ and then selecting é sam-
ples randomly inside of each region (bottom right of Fig. 2).
The samples selected for all dimensions are combined into a
complete sampling pattern that outputs feature maps with spa-
tial resolutions identical to that created by subsampling with
stride s (top right of Fig. 2). In fact, subsampling can be re-
garded as a special case of the stochastic downsampling. The
parameter ¢ controls the degree of randomness in the sampling
pattern; a larger ¢ leads to a more aggressive augmentation. In
this work we choose ¢ = 4. During testing, we replace this
stochastic operation by an average pooling of the same stride
s for a deterministic behavior.
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Fig. 2. We replace the subsampling (top-right) by the stochas-
tic downsampling (bottom-right) when the encoding block re-
duces spatial resolution. This stochastic operation introduces
augmentations at the feature level inside of a residual block.

2.4. Jaccard index-based loss

Class imbalance is a severe problem in training with limited
microscopy images. Ordinary loss functions, such as the bi-
nary cross-entropy loss, usually end up emphasizing too much
on the majority classes while ignoring the minority classes.
Although training with balanced samples followed by post-
processing the prediction probabilities during testing reported
promising results [17], this procedure does not exploit the ac-
tual class distributions during training and relies on an ad-hoc
postprocessing to readjust the probabilities.

In this work, we use an alternative loss function based on
Jaccard index, which is also used to measure segmentation
performance. For a class ¢, the Jaccard index-based 10ss Ij,cc
is calculated as:

>_pij - yij +C
j

lace (P> Y, 1) = 1.0 —
e Zpij+zyij*ZPij'yij+C
j J J

where p;; denotes the predicted probability of the j-th voxel
belonging to class 7, and y;; is the one-hot encoding of the
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ground truth labels that equals one if and only if the j-th
voxel belongs to class i. The constant C, which we set to
1.0 in this work, represents a smoothing term and prevents
dividing by zero. Because our target segmentation problem
is a binary one, we use only the lj,.. of the minority class
(i.e. ljace(p,y, 1) assuming that the minority class is labeled
as one) as the final loss function. The average [j,.. over all
classes can be used in cases of multiclass segmentation.

3. EXPERIMENTS AND RESULTS

We evaluate our CNNs with the mitochondria dataset [18];
this dataset contains two fully-labeled volumes, each of size
1024 x 768 x 165, obtained using an electron microscope.
The target objects in this dataset are the mitochondria, which
are dark objects of oval or elongated shape. The training vol-
ume contains only 42 (complete and partial) mitochondria.
The CNNss are trained to solve a binary segmentation problem
(i.e. mitochondria and non-mitochondria) with a significantly
imbalanced class distribution (about 5% mitochondria).

The input samples are random patches of size 256 x 256
(2D), extracted from the xy-plane, and 128 x 128 x 96 (3D).
We ensure that the patches have mitochondria voxels near
the center to avoid using patches that are almost exclusively
non-mitochondria. All CNNs are trained using the stochas-
tic gradient descent solver with 0.9 momentum and L5 regu-
larization based on the Jaccard index-based loss. We set the
batch size to 24 (2D) and three (3D) and train for 30K iter-
ations. The learning rate starts from 0.05 (2D) and 0.1 (3D)
and is multiplied by 0.1 at 50% and 75% of the iterations. The
dropout rate is set to 0.1. We implement all the CNNs using
Theano [19] and train them using an NVIDIA GTX1070 GPU
with cuDNN library. The training took five to six hours (2D)
and eight to ten hours (3D).

The results in Table 1 show the performance of U-Net [§]
and eight variants of CNNs. The baseline 2D (model A)
and 3D (model E) CNNs that use full-rank kernels and con-
ventional subsampling-based shortcuts are represented by
(2D, Full, -) and (3D, Full, —). The variants that use fac-
torized convolutions and online feature-level augmentations
are indicated by “Fact.” and “A”, respectively. We use the
Jaccard index of mitochondria as the representative measure
for overall segmentation quality.

U-Net is a fully convolutional network with symmetric
encoding and decoding. Because of the large numbers of fea-
ture maps as well as the symmetric structure, U-Net has sig-
nificantly more parameters than our baseline 2D CNN (model
A). Despite using considerably fewer parameters, model A
performed better than U-Net (84.4 vs. 83.5). The superior
performance-per-parameter ratio of model A is a result of
both the asymmetric structure that focuses on the encoding
part and residual learning that uses parameters more effec-
tively than conventional models.

The overall difference in performance between the 2D



Table 1. Segmentation results obtained by U-Net and eight
network variants (A—H). The number of parameters is in mil-

lions.
Model #Params  Precision Recall Jaccard

U-Net [8] 36.97TM  99.3/94.8 99.7/87.6 99.0/83.5
A (2D, Full,-) 1.68M 99.5/914 99.5/91.6 99.1/84.4
B (2D, Full, A) 1.68M 99.5/93.0 99.6/90.8 99.1/85.0
C (2D, Fact.,—) 0.60M 99.6/91.9 99.5/93.1 99.2/86.1
D (2D, Fact., A) 0.60M 99.6/92.5 99.6/93.1 99.2/86.5
E @D, Full,-) 494M 99.7/92.5 99.6/93.9 99.3/87.2
F (3D, Full, A) 494M 99.6/93.2 99.6/93.4 99.3/87.5
G (3D, Fact.,,-) 0.63M 99.7/92.7 99.6/93.9 99.3/87.4
H (3D, Fact., A) 0.63M 99.6/95.0 99.7/93.3 99.4/88.9

* The numbers separated by slashes correspond to the results for
non-mitochondria (left) and mitochondria (right)
** The best results are marked in bold.

(A-D) and the 3D (E-H) CNNs showed that the object re-
lationships along the z-axis are critical in volume segmenta-
tion. Even when the numbers of parameters are comparable,
the 3D CNNs (G and H) performed much better than the 2D
CNNs (C and D). The results suggest that the 2D CNNs are
limited by the lack of contextual information across the z-
axis. For example, Fig. 3 shows the segmentation results of
the 80th slice. The 3D CNN (model H) predicted most ac-
curately whereas the 2D CNNs (U-Net and model D) were
unsuccessful in several cases e.g. false positive near the top-
left corner (U-Net and model D) and false negative near the
top-right corner (U-Net).

Fig. 3. This example compares the segmentation results of
U-Net (orange), 2D CNN (model D, green), and 3D CNN
(model H, blue), with the ground truth (purple). The 3D CNN
showed promising result in which the errors are mostly near
the ambiguous object boundaries.

Our observations for factorizations are consistent with the
previous studies [6]: factorized CNNs offer similar (G vs. E)
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or better performance (C vs. A, D vs. B, and H vs. F) than
the non-factorized ones. In fact, in three out of four cases fac-
torization increased the Jaccard index of the foreground class
by more than one percent. The results suggest that the factor-
ized CNNss can still learn meaningful high-level features even
though each low-rank kernel is less powerful than the full-
rank one. The networks with feature-level augmentations per-
formed either slightly better (B vs. A, D vs. C, and F vs. E) or
much better (H vs. G) than the ones without such augmenta-
tions. The promising results show that feature-level augmen-
tations in the residual blocks can introduce a suitable degree
of perturbations controllable using only one parameter ¢.

We also assess the effect of elastic deformation by train-
ing model H without it. Surprisingly, without such deforma-
tion the Jaccard indices for both classes (99.4 and 88.8) re-
main competitive. Because elastic deformation can disrupt
the smooth mitochondria boundaries and introduce noise in
object shapes, its adverse effect may offset the benefits of aug-
mentations. We will need a specialized augmentation proce-
dure to achieve the full potential of data-level augmentations.

Our best segmentation result (model H) has a VOC
score [1] of 94.2. A result of 94.8 is reported in [18], which
combines the strengths of kernelized features, extracted by a
two-stage training, and subgradient method. In contrast, our
CNNss are trained end-to-end. Furthermore, errors made by a
machine classifier in many cases are due to the inconsistency
near the ambiguous object boundaries in the human-labeled
ground truth of this dataset [20]. Fig. 3 confirms that most
errors indeed happened near the boundaries.

4. CONCLUSIONS

In this work, we address the challenge of training convolu-
tional neural networks (CNNs) with scarce training data. We
compare the performance of various 2D and 3D CNNs trained
with limited training samples. Based on the result of our
experiments, we found that the 3D CNNs outperformed the
2D ones by a significant margin. Factorized convolutions
and online feature-level augmentations improved segmenta-
tion performance the most when used together. We plan to
apply semi-supervised learning and generative models to fur-
ther address the problem of scarce training samples. We are
also interested in applying deep learning approaches for vi-
sual knowledge discovery for biomedical datasets [21, 22].
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