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ABSTRACT 

Paraseptal emphysema (PSE) is a relatively unexplored em
physema subtype that is usually asymptomatic, but recently 
associated with interstitial lung abnormalities which are re
lated with clinical outcomes, including mortality. Previous 
local-based methods for emphysema subtype quantification 
do not properly characterize PSE. This is in part for their in
ability to properly capture the global aspect of the disease, 
as some the PSE lesions can involved large regions along the 
chest wall. It is our assumption, that path-based approaches 
are not well-suited to identify this subtype and segmentation 
is a better paradigm. In this work we propose and introduce 
the Slice-Recovery network (SR-Net) that leverages 3D con
textual information for 2D segmentation of PSE lesions in CT 
images. For that purpose, a novel convolutional network ar
chitecture is presented, which follows an encoding-decoding 
path that processes a 3D volume to generate a 2D segmenta
tion map. The dataset used for training and testing the method 
comprised 664 images, coming from 111 CT scans. The re
sults demonstrate the benefit of the proposed approach which 
incorporate 3D context information to the network and the 
ability of the proposed method to identify and segment PSE 
lesions with different sizes even in the presence of other em
physema subtypes in an advanced stage. 

Index Terms— Parasetal emphysema, Deep learning, 
Convolutional neural networks, Segmentation 

1. MOTIVATION 

Pulmonary emphysema is characterized by abnormal perma
nent enlargement of airspaces distal to the terminal bronchi
ole, accompanied by the destruction of their walls, and with
out obvious fibrosis [1]. Emphysema is divided into three 
major subtypes: centrilobular, panlobular and paraseptal em
physema. 

Paraseptal emphysema (PSE), also known as distal aci
nar emphysema, is characterized by subpleural and peribron-
chovascular regions of low attenuation separated by intact in
terlobular septa [2]. PSE is a relatively unexplored emphy
sema subtype with a very distinct clinical manifestation that 
is often underrecognized clinically. However, recent stud
ies demonstrated a significant association between paraseptal 
emphysema (PSE) and interstitial lung abnormalities (ILA) 
[3], which the latter have been associated with clinical out
comes, including mortality [4]. 

Densitometric analysis in computed tomography (CT) is 
commonly used and widely accepted to identify and quantify 
the extent of pulmonary emphysema. This method discrim
inates emphysematous and non-emphysematous tissue by 
thresholding the intensity levels in the CT image within the 
lung region. 

A densitometric approach disregards the information 
present in the morphology of the emphysema subtypes. Thus, 
several methods have been previously proposed to carry 
out emphysema subtype classification exploiting local tex
ture and intensity patterns [5,6]. The justification for using 
a local-based approach is usually founded on the pseudo-
independence between adjacent regions of interest (ROI) that 
correspond to the secondary pulmonary lobule (smallest sub-
unit of the lung). Although this approach is valid for detecting 
centrilobular and panlobular subtypes, it has been observed 
that is not able to resolve the identification of PSE properly. 
Given its particular structure, PSE is not only defined as a 
local pattern but it is a context-based lesion with a notion of 
location, always appearing adjacent to a pleural surface, as 
well as lobar septal walls, and which may have a considerable 
extension. This characteristics make the PSE identification 
problem consistent with a segmentation approach. 

In this work, we present the first technique to particularly 
address paraseptal emphysema identification by proposing the 
Slice-Recovery architecture (SR-Net) that exploits 3D infor
mation to perform segmentation of PSE lesions on 2D slices 
of CT images. 

2. METHODS 

3D manual annotation carries a high burden from experts, and 
when they make 2D annotations they usually use 3D informa
tion to place value on the spatial context around the region to 



segment. In this work, we propose the new Slice-Recovery 
network (SR-Net) for automatic segmentation of paraseptal 
emphysema (PSE) on CT images. The proposed CNN archi
tecture, fully described in Section 2.1.2, leverages 3D infor
mation for 2D segmentation of PSE in CT axial images. We 
hypothesize that incorporating 3D context information can 
improve 2D segmentation results in medical imaging by cap
turing volumetric information around the lesion. 

2.1. SR-Net 

2.1.1. Volume extraction 

The input of the proposed network consists on a 3D volume 
of size 384 x 384 x 8 voxels, where the central axial slice 
corresponds to the target 2D slice to be segmented. This input 
volume is further pre-processed by segmenting and masking 
only the lung region. 

2.1.2. CNN architecture 

The proposed SR-Net is illustrated in Figure 1 and its inno
vative dense efficient architecture decodes 2D segmentation 
maps from a 3D encoded volume through a Slice-Recovery 
layer. The encoding pathway of the proposed CNN is com
posed by encoder blocks. Each encoder block consists of a 
convolutional dense block with an iterative concatenation of 
previous feature maps. Dense blocks introduced in [7] have 
been previously used to deal with the problem of semantic 
segmentation [8]. These dense blocks are subsequently pro
cessed by an ENet-style block which combines max pool
ing and strided convolutions to avoid representation bottle
necks [9]. We have previously shown that a purely 3D ver
sion of the proposed architecture outperforms state-of-the-art 
segmentation CNNs such as U-Net [10] when segmenting 3D 
pulmonary arteries in CTA images [11]. 

On the other hand, in the decoding pathway, transposed 
convolutional layers (deconvolution) and skip-connections 
are subsequently processed by a dense block. Skip-connections 
of the SR-Net are designed to pass higher resolution feature 
maps to the decoding path. These connections are based on a 
Slice-Recovery (SR) layer. We designed the SR layer to se
lect the higher resolution feature maps that correspond to the 
original target 2D image to be segmented (highlighted in red 
in Figure 1). Thus, the decoding path can generate a 2D seg
mentation map based only on the higher resolution features of 
the slice under study rather than the whole input 3D volume. 
Deconvolution operation in the decoding path is performed 
to generate 2D segmentation maps from contracted features 
extracted by the encoding path from the 3D volume by fixing 
the third dimension of the 3D convolutional kernels to be 1. 
The decoding path ends with a 1 x 1 x 1 convolution with a 
sigmoid activation function to generate the final probability 
map. 

The network were trained on data augmented with ran
dom non-rigid distortions. In this work we used Adam 
Stochastic Optimization (with an initial learning rate le-4 
and plateau learning rate decay with a factor of 0.2 when the 
validation loss is not improved after 5 epochs) to minimize 
a class-weighted Dice-based loss function to consider class 
imbalance. 

The network was implemented using Keras with Tensor-
Flow, and built in a PC with GPU NVIDIA TITAN X Pascal 
12GB, CPU Intel Core i7 3.6 GHz and 32GB of RAM. 

2.2. Comparative methods 

To prove the potential of incorporating 3D context to the net
work for 2D segmentation problems, we compared the pro
posed 3D-to-2D SR-Net to a purely 2D version of the latter 
(2D-Net). Additionally, we compared the proposed method 
to the UNet [10], a strong baseline method in medical im
age segmentation problems, and to the converted 3D-to-2D 
version of the UNet following the proposed SR-Net approach 
(SR-UNet). We therefore prove the possibility and potential 
of converting previously designed architectures using the pro
posed SR-Net paradigm. Additionally, we will compare the 
proposed method to a local-based approach [6]. 

3. EXPERIMENTS AND RESULTS 

3.1. Dataset and evaluation approach 

An experienced radiologist manually segmented PSE lesions 
on 664 2D axial images coming from 111 CT scans from 
the COPDGene study. COPDGene centers obtained approval 
from their Institutional Review Boards and all subjects pro
vided written informed consent. Of all of these subjects, 89 
were randomly selected for training and validation, while the 
remaining 22 subjects were used for testing. Both training 
(55%) and validation (20%) sets comprised 498 axial slices, 
while the independent test set was composed by 166 images 
(25%). The evaluation of the proposed method as a well as 
the comparison to other methods were carried out on the test 
set. Training and validation sets were used to hyperparameter 
tuning of the proposed architecture. 

Segmentation accuracy was evaluated using Dice Similar
ity Coefficient (DSC), Jaccard Similarity Coefficient (JSC), 
and Mean Accuracy (MA), defined as: 

2 * TP + FP + FN 
TP 

TNR + TPR 
M A = 

where TP, FP, TN and FN detone the number of true positives, 
false positives, true negatives and false negatives respectively. 
TNR and TPR denote true negative and true positive rates. 
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Fig. 1. a) SR-Net architecture which generates a 2D segmentation map given a 3D input volume, b) Example of a dense block 
of 2 layers (N=2) (green), ENET-style block (blue) and Up-convolutional block (yellow). 

The lung area affected with PSE can vary substantially 
from one patient to another, ranging from 0.23 cm2 up to 
134 cm2. Overlap ratio measures have been shown unsuitable 
for comparing segmentation accuracy on objects that differ in 
size. To compensate for this drawback, all reported metrics 
correspond to a weighted average of the previous metrics ac
cording to the area of the lesions, thus giving a higher weight 
to those lesions with a greater extension. These weighted met
rics are consistent with the overall measure used to report dis
ease extension that would be percentage of volume affected 
by PSE. 

Table 1. Overview of the results obtained with the proposed 
method and comparative methods (weighted meanistd). Re
sults are computed on the independent test set. DSC: Dice 
Similarity Coefficient, JSC: Jaccard Similarity Coefficient, 
MA: Mean Accuracy. 

2D-UNet 
SR-UNet 
2D-Net 
SR-Net 

Local-based [6] 

DSC 
0.492 (± 0.047) 

0.712 (±0.013) 

0.715 (± 0.019) 

0.764 (± 0.014) 

0.448 (± 0.014) 

JSC 

0.355 (± 0.044) 

0.563 (± 0.016) 

0.572 (± 0.021) 

0.630 (± 0.017) 

0.295 (± 0.008) 

MA 

0.713 (± 0.020) 

0.844 (± 0.007) 

0.864 (± 0.006) 

0.908 (± 0.004) 

0.730 (± 0.003) 

3.2. Results 

The evaluation metrics are computed between the manually 
segmented images and the thresholded probability maps gen
erated by the CNN. The threshold was chosen so that it max
imizes the performance on the validation set. 

An overview of the results are shown in Table 1, provid
ing a comparison of the proposed SR-Net with a purely 2D 
version of the architecture as well as with UNet and a con
verted version of UNet using the proposed SR-Net approach. 
All the networks were trained with the same training sam
ples, and tested with the same test set. Table 1 proves the 
potential of incorporating volumetric 3D context information 
to the network for a 2D segmentation problem. We can ob
serve how both converted 3D-to-2D versions of the baseline 
architectures outperform their 2D verions by 22% and 5.1% 

respectively on terms of mean DSC. 
Figure 2 shows the segmentation results of 5 cases se

lected from the test set with different PSE extension and in 
the presence of other emphysema subtypes, even with an ad
vanced stage. 

Results shown in Table 1 and Figure 2 also prove how a 
local-based approach fails at properly characterize PSE. 

4. DISCUSSION AND CONCLUSIONS 

In this work, we present a dense efficient 3D-to-2D CNN ar
chitecture (referred as SR-Net) for automatic paraseptal em
physema (PSE) segmentation in axial 2D images leveraging 
and exploiting contextual 3D information. Additionally, we 
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Fig. 2. Comparison of the segmentation results for the proposed method, UNet and a local-based approach [6] for 3 cases from 
the test set with different emphysema extension. 

have shown the benefit of this approach when applied to pre
vious state-of-the-art CNN architectures. 

Manual annotation of regions in 3D is a non-trivial task 
which demands an intensive and time-consuming labour from 
experts. On the other hand, when experts annotate 2D images 
belonging to a 3D volume, they usually use 3D information 
to reach optimal 2D annotations placing value on contextual 
information around the region to segment. Considering these 
premises, we proposed an approach based on 2D annotations 
but incorporating spatial 3D information. 

It has been shown that previous local-based methods to 
emphysema subtype identification, achieve remarkable accu
racy in characterizing an identifying centrilobular and panlob-
ular emphysema subtypes, but are not able to properly char
acterize PSE. The proposed method tackles PSE identifica
tion considering the specific nature of PSE, consistent with a 
context-based segmentation approach. 

The results, which were obtained on an independent test 
set, demonstrated that the proposed SR-Net outperforms 
state-of-the-art methods when segmenting PSE lesions on CT 
images. 
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