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Abstract. Pulmonary computerized tomography (CT) images with
small slice thickness (thin) is very helpful in clinical practice due to
its high resolution for precise diagnosis. However, there are still a lot of
CT images with large slice thickness (thick) because of the beneﬁts of
storage-saving and short taking time. Therefore, it is necessary to build
a pipeline to leverage advantages from both thin and thick slices. In
this paper, we try to generate thin slices from the thick ones, in order to
obtain high quality images with a low storage requirement. Our method is
implemented in an encoder-decoder manner with a proposed progressive
up-sampling module to exploit enough information for reconstruction.
To further lower the diﬃculty of the task, a multi-stream architecture is
established to separately learn the inner- and outer-lung regions. During
training, a contrast-aware loss and feature matching loss are designed
to capture the appearance of lung markings and reduce the inﬂuence of
noise. To verify the performance of the proposed method, a total of 880
pairs of CT images with both thin and thick slices are collected. Ablation
study demonstrates the eﬀectiveness of each component of our method
and higher performance is obtained compared with previous work. Furthermore, three radiologists are required to detect pulmonary nodules in
raw thick slices and the generated thin slices independently, the improvement in both sensitivity and precision shows the potential value of the
proposed method in clinical applications.
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Introduction

Pulmonary CTs are an important tool in disease screening and diagnosis. Thus,
high quality of CT images is required in clinical scenarios, which is controlled by
various parameters, e.g., the manufacturer, radiation dose, reconstructed slice
thickness, etc. Among them, slice thickness is one of the most crucial factors,
which aﬀects the spatial resolution of the CT images signiﬁcantly and further
inﬂuences the appearance of potential lesions. Therefore, recent studies and
guidelines [12,17] suggest that reconstructed slice thickness used for screening [5]
should be lower than or at least equal 1.5 mm to obtain enough clear observation
of CT images.
However, CT images with large slice thickness (e.g., 5 mm) are still widely
used in practice. The reason lies in three folds. Firstly, it is quick to obtain the
thick slices after taking the CT scan, which is necessary in emergency scenarios.
Secondly, it is storage-saving and fast-passing through internet. Thirdly, it takes
low cost, which is especially important in wide health examinations. Nevertheless, the drawback of thick slices is obvious. The spatial resolution is not enough,
resulting in the diﬃculty of observing small lesions and the details of the lesions
(vessel segments and small nodules), thus leading to misdiagnosis.
In this paper, we aim to reconstruct thin slices from the thick ones, in the
hope that the ambiguous lesions in thick slices could be diagnosed in generated
thin slices with increased details. The proposed method is an encoder-decoder
architecture, the backbone of which is a modiﬁed 3D U-Net [14] with the proposed progressive up-sampling module. Observing the huge diﬀerence of the HU
distribution between regions inside the lung and regions outside the lung, a
multi-stream approach is built, where the voxels of inner-lung and outer-lung
regions are learned separately by diﬀerent branches. Besides, a contrast-aware
loss is exploited to pay attention to the generation of low contrast tissues inside
the lung. Furthermore, a feature matching loss is designed to reduce the inﬂuence of noise, which is implemented by comparing the predicted thin slices and
ground truth slices in the feature space. In the experiments, 880 pairs of CT
images with both thin and thick slices are collected. We ﬁrstly compare our
method with previous work to demonstrate its eﬀectiveness and then verify the
contribution of each component of our model. Finally, a clinical comparison is
taken to show that the generated thin slices are helpful in real applications.

2

Related Work

CT slice reconstruction can be understood as an image super resolution (SR)
problem, where the resolution of the depth dimension is increased. In natural
image, Dong et al. [6] propose the ﬁrst deep learning based SR model, and it is
further improved in [7,10,15] by using fully convolutional neural networks [16],
and generative adversarial networks (GAN) [9]. These advances have also been
applied in medical images [2,3,18].
For the problem of thin slice reconstruction with varied input and output
shapes, Bae et al. [1] propose a 2D based approach by performing SR on coronal
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Fig. 1. The overall architecture of the proposed MPU-Net.

or sagittal planes and then compose them to 3D output. As 3D context cannot
be modeled in 2D networks, 3D GAN [14] is utilized by ﬁrstly resizing the input
to the shape of output. Instead of directly resizing the input, Ge et al. [8] adopt a
subpixel convnet [21] based approach to encode the depth in channels such that
a V-Net [19] like architecture can be used, and they additionally investigated
stereo-correlation and coupled discriminators for GAN model training.
Our work is distinct from theirs in that we propose a progressive up-sampling
network that can capture more information to reconstruct images and that
inner- and outer-lung are learned separately in our method via the multi-stream
architecture. Moreover, we deal with the recovery of the lung markings by the
contrast-aware loss and the inﬂuence of noise by the feature matching loss, which
are rarely studied in previous works.

3

Methodology

In this section, we introduce our multi-stream progressive up-sampling network
(MPU-Net) for thin slices reconstruction. The overall architecture is shown in
Fig. 1: Consecutive slices from thick images are ﬁrstly fed into the backbone
network to extract multi-scale features, in which with gradually up-sampling, the
depth of input data reaches the same as the target thin images. The upsampled
feature maps are sent into diﬀerent branches to generate the masks of lung
regions, inner- and outer-lung voxels, and the ﬁnal thin images are composed
from the output of these three branches.
3.1

Progressive Up-Sampling Backbone

We consider the slice thickness and slice intervals of CT images to be equal, and
the slice thickness of thick images is 5 mm, and that of thin images is 1 mm. So
we set the number of input thick slices to 8 and output thin slices to 36. This is
to ensure that the ﬁrst and last slices in both inputs and outputs are aligned in
world coordinates.

MPU-Net for Dense CT Image Reconstruction

521

Fig. 2. The architecture of the progressive up-sampling backbone.

The architecture of our backbone is illustrated in Fig. 2. Each 3D patch of size
8 × 256 × 256 from thick slice CT will be transformed to a size of 36 × 256 × 256.
The input patch is ﬁrstly down-sampled ﬁve times to learn high-level features
and modeling 3D context. Unlike existing networks where the down-sampling
rate is the same for all dimensions, we down-sample 32 times on transverse
plane but only down-sample twice along depth, as we want to retrain more
spatial information as long as the receptive ﬁeld is large enough to cover the
whole depth dimension. During up-sampling, we design progressive up-sampling
operator g to aggregate features from short-cut connection fis and previous level
fi+1 : the feature maps fis are ﬁrstly up-sampled to match the shape of fi+1 ,
and then they are concatenated and passed to another deconvolution layer for
further up-sampling as in Eq. 1:
g(fis , fi+1 ) = Deconv(Deconv(fis ) ⊕ fi+1 ),

(1)

where Deconv is deconvolution operation and ⊕ is concatenation. As more
up-sampling is conducted along depth than down-sampling, the ﬁnal depth is
increased. Compared with Subpixel Convnet [21], our method aggregates the features of diﬀerent levels gradually, and exploits the spatial relation between diﬀerent dimensions with 3D convolution. Note that this design is easy to be adapted
to other slice thickness/intervals setting by changing the down/up-sampling rate
and the kernel size/stride of deconvolution layers.
3.2

Multi-stream Architecture

Due to having diﬀerent organs and tissues, there is a large discrepancy between
inner-lung and outer-lung HU distribution. Compared with the outer part, the
lung area has smaller HU values and is more condensed with low contrast structures. Inspired by this statistic, we propose a multi-stream architecture to reconstruct inner- and outer-lung regions independently. It contains three branches
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corresponding to the prediction of lung mask M , inner-lung voxels Xi , and
outer-lung voxels Xo . We feed the thick images to the progressive backbone
obtaining the depth up-sampled features and use 3D convolution layers transforming the features into target output. The ﬁnal output X is composed by
combining the inner- and outer-lung predictions following the predicted lung
mask: M  Xi + (1 − M )  Xo , where  is element-wise product. To save the
computation cost, we share the backbone network for all branches and a detailed
paradigm is shown in Fig. 1.
3.3

Loss Function

We designed multiple loss functions for eﬀective training: cross entropy loss for
lung segmentation, contrast-aware loss for the inner-lung reconstruction, L1 loss
for the outer-lung reconstruction, and feature matching loss to deal with noise.
Segmentation Loss. A cross entropy loss LM ask is applied to the mask prediction branch for supervising the learning of high quality segmentation. It is used
to compose the ﬁnal thin slices and meanwhile introduce additional anatomical
priors as an auxiliary training signal.
Contrast-Aware Loss. The contrast-aware loss Lcontrast put more weights on
hard samples (data points) aiming to enhance the contrast of low attenuation
tissues. The hardness of a sample is deﬁned as the reconstruction error compared
with its true value as shown in Eq. 2:

 
1

Lcontrast =
X̂i,j,k − Xi,j,k  · wi,j,k ,
MND
i,j,k
(2)
|X̂i,j,k − Xi,j,k | γ
wi,j,k = (
) ·β
Xi,j,k + α
where X̂ and X are samples from reconstructed and target thin slices; M ×
N × D is the shape of the target output; α, γ, β are hyper-parameters that
control the hardness weight for each sample, α and γ separately control the
highlighted HU range and the sparseness of weights, β is a weight balancing
diﬀerent losses, a reasonable setting of these hyper-parameters can be easily
obtained by visualizing the volume of weights. In our study, we set α, β, γ to
0.5, 5, 0.5. These weights can further be processed by a Gaussian ﬁlter to smooth
and expand the scope of attention. This formulation enforces samples of smaller
HU value to weight more than those of high value given same amount of error.
It is desirable as small vessels or nodules which are hard to learn are usually of
low attenuation and contain only few data points.
Feature Matching Loss. Considering the higher level noises within thin slice
CTs, we additionally compare the reconstructed and real thin images in the
feature space of a CNN model to minimize the inﬂuence of noise. As the lack
of pretrained CNN models on large scale CT dataset, we resort to the CNN
model pretrained on natural images, e.g., ImageNet [20]. To make CT image

MPU-Net for Dense CT Image Reconstruction

523

more similar to natural image, we extract a single thin slice X..k each time
and replicate the channels to a 3-channel gray scale image. We presume with
millions of data and the harsh data augmentation, the ImageNet pretrained
model is capable of representing CT slices and being insensitive to noise. The
feature matching loss [13] is formulated as:

1
φi (X̂..k ) − φi (X..k )22 ,
(3)
Lf eat =
Ci Mi Ni D
k

where φi (X) is the mapping from X to the i-th layer of a pretrained VGG-16
network; X̂..k , X..k are the k-th thin slice in the output and targets respectively;
Ci × Mi × Ni is the size of the i-th feature map, and D is the depth of the thin
slices.

4

Experiment

In this section, we ﬁrstly present the comparison between our model and other
previous works, and then show the ablation results. Finally, we conduct a lung
nodule screening experiment to investigate the clinical usage of this technique
and show some reconstructed pathological cases for reasonable generalization
ability.
4.1

Datasets and Settings

All data used in this paper are ﬁrst collected by using Siemens machines from 880
patients, and then further reconstructed to the thin slices (1 mm) and thick slices
(5 mm) with LUNG reconstruction (I50f). This study has obtained the local
committee approval, and all data has been anonymized to ensure the privacy
of patients before study. We randomly sample 80% of the data for training and
validation, and the rest 20% for testing, resulting in 600 training, 104 validation,
and 176 testing CT pairs. We rescale the input images of HU range [-1024,
3071] to [0, 1] as input to the model. During training, we randomly crop 8 ×
256 × 256 voxels from the thick images as input data and select corresponding
36 × 256 × 256 voxels from the thin images as ground-truth. During inference
we feed 8 consecutive thick slices to the model in a sliding window manner. The
stride of sliding window is set to 1, and we average the thin slices if there are
multiple reconstructions at the same world coordinate. For evaluation, we use
mean absolute error (MAE), root mean square error (RMSE) and peak signal-tonoise ratio (PSNR) to measure direct pixel errors in HU; meanwhile, structural
similarity (SSIM) is also used to serve as approximation of human subjective
evaluation for image quality [22].
4.2

Validation of MPU-Net

Results. We compare our method with the following baselines. Bicubic is to
directly upsample the thick slices to the shape of thin slices using bicubic interpolation. SRCNN is to train a 2D super resolution network on coronal or sagittal
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Fig. 3. Visualization of the reconstructed thin slice CTs of diﬀerent models.
Table 1. Results of model comparison and ablation study, where prog-up, feature,
contrast, stream is abbreviation of progressive up-sampling, feature matching loss,
contrast-aware loss, multi-stream architecture respectively.
Models

prog-up feature contrast stream MAE(↓) RMSE(↓) PSNR(↑) SSIM(↑)

Bicubic

–

–

–

–

33.31

69.63

35.41

0.917

SRCNN [1]

–

–

–

–

30.82

61.98

36.88

0.920

VNet [19]

–

–

–

–

Ours

√
√

√

√

Ours+W-GAN

√

√

√

√

√

√

√

√

√

√

29.55

54.54

37.53

0.932

25.34

46.25

38.96

0.948

24.37

42.28

39.75

0.950

24.99

41.95

39.81

0.948

23.54

40.24

40.17

0.953

23.60

40.14

40.19

0.952

23.37

38.79

40.50

0.955

24.72

42.31

39.60

0.950

planes, and we follow the same setting as [1]. For VNet, we use a similar architecture as [14], where the input is ﬁrstly upsampled using trilinear interpolation
and then a VNet-like [19] model is used as generator. The results of all models
is shown in Table 1. Our model performs signiﬁcantly better than others on all
metrics. Meanwhile, a visualization from coronal and sagittal views of the reconstructed thin slice CT is shown in Fig. 3, where our model indeed recovers richer
details and looks more realistic. It indicates the necessity of properly modeling
3D context and setting eﬀective training objectives.
Ablation Study. To verify the contribution of each components of network
design, we compare our model with several stripped-down variants. Our basis
is a subpixel convnet as used in [8], then we compared it with the proposed
progressive up-sampling backbone, multi-stream architecture, and diﬀerent loss
combinations. The results are shown in Table 1, and we can make the following
observations: 1) reconstruction model can get sustainable improvement by using
progressive up-sampling compared with post up-sampling like subpixel convnet;
2) using feature matching loss could greatly improve the quality of reconstructed
thin slices as more subtle anatomical structures can be recovered (Fig. 4), even
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Fig. 4. The eﬀectiveness of each proposed loss in our method.

though the numerical results does not change much; 3) the proposed contrastaware loss together with the multi-stream architecture gives the largest improvement, indicating the eﬀectiveness of modeling inner- and outer-lung separately
and applying appropriate loss functions. We have also tried using adversarial
loss as in [8,14], such as W-GAN [11], but we did not observe any quantitative
or qualitative improvements. This could due to the noise distribution in real thin
slice CTs from which the discriminator is easy to distinguish real and fake thin
slices. However, such noise is hard and pointless to learn for a generative model.
4.3

Applications in Lung Nodule Detection

To further investigate the practical value of reconstructed thin slices in clinical
scenarios, we conduct an experiment on CT images of 50 patients in terms of
lung nodule detection. This experiment tries to verify that the generated thin
slices can help radiologists ﬁnd more nodules compared with the corresponding
thick slices. Following Lung-Rads [4], three radiologists are required to independently annotate nodules larger or equal 4 mm on the real thin slices. Then a
senior radiologist makes the ﬁnal decision providing all annotations of the three
radiologists, the result of which is referred as golden standard. A total of 146 pulmonary nodules are obtained, 45 of which are larger or equal than 6 mm. Another
three radiologists are then asked to independently label pulmonary nodules on
the corresponding thick slices. The labelling of the remaining thin slices generated from thick scans are conducted 30 days later. The detection performance
of the three radiologists in both thick slices and the generated thin slices can
be calculated by comparing with the golden standard. Figure 5 shows the result
of the radiologists on two nodule size settings. The results clearly demonstrate
that both the sensitivity and precision of all three radiologists on generated thin
slices are boosted, indicating the usefulness of our method in clinical practice.
4.4

Reconstruction Examples of Pathological Lung

Figure 6 shows the reconstructed thin images of pathological lung compared
with the real ones. As a prospective study, our original dataset does not cover
all disease types, but our model still shows reasonable generalization ability and
good reconstruction performance.
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Fig. 5. Results of radiologists on lung nodule detection. Each color represents a radiologist, and darker ones are based on generated thin slices.

Fig. 6. Reconstruction examples of pathological lung.

5

Conclusions

In this paper, we propose a novel multi-stream progressive up-sampling network
for dense CT reconstruction, with the incorporation of a feature matching loss
and contrast-aware loss to learn stable and detailed structures. Experimental
results demonstrate that our proposed method can achieve a superior performance in both quantitative level and image perceptual level. Clinical experiment
further implies its potential in practice for radiologists.
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