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Current reconstruction of 3D images from DICOM (Digital Imaging and Communications in Medicine)
files requires strict supervision for the reconstructed images to have the same metadata including slice
thickness, spacing between slices, and image resolution. We propose an algorithm for reconstructing
3D images based on medical images in the DICOM format with varied metadata and resizing the 3D
images while preserving the annotations. The 3D image resizing may facilitate processing because most
current systems cannot handle the huge 3D image data sizes. After resizing the 3D images, the original
annotations that can be used as ground truths to train and evaluate machine learning method are pre-
served by projection. Experimental results show that the proposed method can handle various DICOM
files and correctly project annotations onto the resized image.
� 2020 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Medical imaging is a research hotspot in medicine (Salamah
et al., 2019). In this area, DICOM (Digital Imaging and Communica-
tions in Medicine) images are of special interest because they can
be provided by a variety of imaging devices. Among the different
modalities, magnetic resonance imaging (MRI) has been used for
decades to obtain brain images from subjects (Sheela and
Suganthi, 2019), allowing to examine the brain anatomy and func-
tion. Thus, brain conditions such as the presence of tumors and
cysts can be diagnosed. Like other imaging methods, MRI scans
can be formatted as DICOM files.

An MRI scan is divided into slices at a given spacing. Conse-
quently, when MRI examinations are performed in different peri-
ods or medical centers, the results may vary in aspects such as
the number of slices, spacing between slices, and slice thickness.
Each slice generated by MRI can be visualized as a 2D image that
corresponds to the position of MRI scanning, possibly losing 3D
characteristics of the patient’s brain. As MRI can be obtained from
many different positions, processing 2D MRI images may be trou-
blesome when small brain landmarks are required for evaluation.
For instance, an MRI scan may slice brain landmarks such that they
are split over different slices. Thus, the reconstruction of DICOM
images into 3D representations is required to accurately reflect
the examination characteristics.

Most current research on brain MRI considers 2D images for
diagnostic purposes (Librenza-Garcia et al., 2017; Selvaraj et al.,
2012) and surgical planning (Park et al., 2019). Brain MRI has been
widely used for anterior commissure and posterior commissure
localization in surgical planning (Zhang et al., 2010). Accurate
localization is essential for any brain surgery to achieve head align-
ment. For localization, the mid-sagittal part of the brain should be
defined, and thus additional preprocessing is required to recon-
struct brain landmarks if this part appears across different MRI
slices.

Images in the DICOM format have metadata for each slice and
include information such as the slice thickness, spacing between
slices, and image resolution. These metadata of different DICOM
files may present divergences if the images are taken without
supervision. Currently, the reconstruction of 3D images is per-
formed by stacking DICOM images according to their metadata.
Consequently, the reconstruction success depends on the accuracy
of the DICOM images and their metadata (AlZu’bi et al., 2020).

Another method to generate a 3D image consists of converting
the DICOM files into the NIfTI (Neuroimaging Informatics Technol-
ogy Initiative) format. NIfTI images obtained from DICOM files pro-
vide 3D representations of the brain. However, the header
containing the DICOM metadata is not converted along with the
ersity –
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images. Therefore, the image cannot be resampled and converted
back into the original DICOM format.

Considering the abovementioned representation problems, we
propose a method to 1) convert brain DICOM image slices with dif-
ferent attributes into 3D representations, 2) resize the generated
image for uniform resolution across images, and 3) project the
original annotations onto the resized images. Projecting the anno-
tation of the original image onto the resized image preserves infor-
mation for applications that depend on those data, such as
machine learning or deep learning algorithms that require
ground-truth labels. The proposed method consists of two main
steps: image enhancement using histogram equalization and
reconstruction of 3D images using trilinear interpolation. Then,
the reconstructed 3D image can be resized while preserving the
DICOM format including correct metadata.

To the best of our knowledge, no method is available for 3D
image reconstruction and resizing from DICOM files. A method is
available to perform 3D medical image segmentation, in which a
3D brain MRI image is segmented by dividing the image into small
pieces (Huo et al., 2019). Another method uses an image created by
a MATLAB application to create a 3D brain image to be segmented,
aiming to compare the segmentation results of a 3D image with
those of a slice-by-slice approach (Grandhe et al., 2018). Overall,
images must be processed to comply with research goals and
requirements.

Our main contribution is a method to generate a 3D image con-
taining all the slices of a DICOM image. The generated image can be
resized. As the 3D images are enhanced before reconstruction, the
data do not require further preprocessing for use in applications
such as machine learning or deep learning classification.

The remainder of this paper is organized as follows. Section 2
presents background information and details of the proposed
method for 3D image reconstruction from DICOM images. Section 3
reports experimental results and analyses, and we draw conclu-
sions in Section 4.
2. Material and methods

2.1. Background

The DICOM standard has been widely used for medical image
research. A DICOM image contains a header that contains the cor-
responding metadata. These metadata provide information such as
bit depth, size, dimensions, slice thickness, spacing between slices,
and the modality used to create the DICOM file. The metadata are
thus essential to reconstruct DICOM images. MRI images with large
spacing may lead to information loss, and the size of the images
and actual objects may differ after combination.

Images in the DICOM format can be processed using 2D or 3D
methods. Various 2D segmentation methods have recently been
proposed (Bagheri et al., 2020; Ito et al., 2019; Wu et al., 2020).
As those methods rely on the selection of brain slices to be seg-
mented, more research efforts have been devoted to processing
3D DICOM images (Bae et al., 2020; Bereciartua et al., 2016;
Kahali et al., 2017; Piantadosi et al., 2020).

For brain image segmentation, a reconstructed 3D DICOM
image has been divided into several 3D regions using spatially
localized atlas network tiles and U-net (Huo et al., 2019). Specifi-
cally, the 3D DICOM image is divided into subspaces for U-net to
process less data and reduce the memory utilization of the graph-
ics processing unit. Other methods have been devised for segmen-
tation of 3D images, suitably representing the information
acquired from MRI (AlZu’bi et al., 2020; Dolz et al., 2020; Pei
et al., 2020; Yang et al., 2019).
2

MRI images present bias field distortion, which causes intensity
variations in an imaging sequence of tissues (Yang et al., 2019).
Thus, histogram equalization is needed before using the images
in applications such as machine learning and deep learning meth-
ods. Several variations of histogram equalization have been pro-
posed (Agrawal et al., 2019; Mun et al., 2019; Rao, 2020; Singh
et al., 2019; Veluchamy and Subramani, 2020, 2019; Zarie et al.,
2018). All these methods have demonstrated enhancement for
grayscale images.

The quality of DICOM images depends on the acquisition device
(Davis et al., 2018). Thus, DICOM images acquired using different
devices and at different times may have different quality, espe-
cially if image acquisition was not supervised. A method for solid
3D reconstruction of DICOM MRI images uses histogram equaliza-
tion (Loizou et al., 2017). This method has been aimed to evaluate
multiple sclerosis patients over time. Given its suitable perfor-
mance, we also use histogram equalization for image
enhancement.

Linear interpolation is the basis of trilinear interpolation to ver-
ify the category of a color (Shanty et al., 2013). Although trilinear
interpolation is accurate for 3D reconstruction (Bai et al., 2010),
it is computationally expensive (Canelhas et al., 2018). It has been
implemented as the marching cube algorithm for interpolation of
grayscale images (Rajon and Bolch, 2003). This algorithm only
requires the input image, and similar trilinear interpolation meth-
ods can be used for interpolation of color images.

2.2. Proposed method for 3D image reconstruction

In this section, we detail the proposed method and the data that
include DICOM files with diverse metadata for this study. Fig. 1
shows the diagram of the proposed method.

First, we enhance every DICOM image slice by applying his-
togram equalization. Then, the enhanced DICOM image slices are
assembled in three dimensions by stacking the images. To recon-
struct the information between slices and smoothen the image,
we apply trilinear interpolation. As the parameters of the DICOM
image may differ during acquisition, we resize the reconstructed
3D image to generate images with the same size.

2.2.1. Histogram equalization
DICOM images should often be preprocessed before being used

in methods such as machine learning and deep learning algo-
rithms. To facilitate preprocessing, the DICOM images can be
enhanced. To this end, we use histogram equalization, which is
generally used for grayscale image enhancement. As DICOM image
voxels are encoded by intensity, they are similar to grayscale
images with one channel for color.

Histogram equalization uses the cumulative distribution func-
tion (CDF) of intensity. The CDF reflects the probability of occur-
rence of pixel level i in image x (pxðiÞ) as follows:

px ið Þ ¼ p x ¼ ið Þ ¼ ni

n
;0 � i < L ð1Þ

whereL is the maximum pixel value.
As an MRI DICOM image resembles a grayscale image with its

intensity (v) in 0–255 for every voxel, L represents the maximum
level of 256. The probability results from Eq. (1) are then used to
calculate the CDF per intensity value:

cdfx vð Þ ¼
Xv
j¼0

pxðx ¼ jÞ ð2Þ

Eq. (2) provides the CDF per intensity value. The histogram
equalization of the intensity value, hðvÞ, is given by



Fig. 1. Proposed method for 3D image reconstruction from DICOM files.
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h vð Þ ¼ round
cdf vð Þ � cdfmin

M � Nð Þ � cdfmin

� �
� L� 1ð Þ ð3Þ

where cdfmin is the minimum CDF value that is above 0.
The equalized intensity value is then used to replace the origi-

nal value and obtain the enhanced image, which has a higher con-
trast than the original image.
2.2.2. Reconstruction of 3D images from DICOM files
For this study, we obtained 54 records of DICOM data from var-

ious hospitals in Surabaya, Indonesia. The MRI devices were set to
1.5 Tesla for acquisition. Given the different data sources, the
acquisition parameters may vary. Such variations can be verified
in the DICOM metadata of the records. Fig. 2 shows an example
of metadata from a DICOM image slice. The tags are shown within
parentheses in the leftmost column.

The values corresponding to each DICOM tag represent different
parts of the image. For instance, the row with DICOM tag (0028,
0010) represents the number of pixels per row (L), and the row
with DICOM tag (0028, 0011) represents the number of pixels
Fig. 2. DICOM image
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per column (W). Thus, the DICOM image with metadata shown
in Fig. 2 has a resolution of 512 � 512 pixels.

After enhancing the DICOM images, we assemble them accord-
ing to the slice location available in the metadata, as illustrated in
Fig. 3.

The DICOM image slices are stacked to build a 3D representa-
tion of the brain MRI image. Therefore, the resolution of the 3D
image includes the number of slices (H) besides L and W when
acquiring the MRI scans. Moreover, the metadata often have differ-
ent spacing between slices, which is indicated in the row with
DICOM tag (0018, 0088). The spacing between slices determines
the smoothness and level of detail of an MRI DICOM image. When
image data are stacked as shown in Fig. 3, the 3D representation
contains empty spaces with missing information between the
slices, and the spacing may vary between slices. We fill these
spaces by applying trilinear interpolation to the brain MRI DICOM
images after generating the 3D representation as an image array.

The obtained 3D brain MRI DICOM image has a size of
L�W � H, and thus the resolution of the reconstructed 3D images
may differ across acquired DICOM images. In this study, the DICOM
slice metadata.



Fig. 3. Assembling DICOM images for 3D representation.
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images were obtained from various hospitals and are thus likely to
have a different number of slices per patient. Therefore, we resize
the reconstructed 3D images to the same resolution for uniformity.
2.2.3. Trilinear interpolation
Fig. 4 shows a voxel as a cube containing an intensity value (v)

in three dimensions. Intensity value v of the voxel is contained in
vertices ABCD�EFGH, and the value is not homogenous. In DICOM
images, the values at the vertices represent the intensity of the
given coordinate. Thus, to obtain intermediate values, we apply
the following interpolation formula:

Ltx ¼ 1� txð Þ � vx1 þ tx � vx2 ð4Þ
where,

vX ¼ intensity at point X

Trilinear interpolation uses Eq. (4) recursively at least three
times. From Eq. (4), we obtain the interpolation value (L) of two
coordinates along the X axis (tx) on the same side.

Fig. 5 shows interpolation target txyz and the step necessary to
obtain its value. After calculating tx using Eq. (4), each tx is used
Fig. 4. Voxel visualization.
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for calculating txz. Finally, each txz is used to calculate txyz by also
using Eq. (4).

2.2.4. Resizing 3D image
The assembled DICOM image slices into a 3D representation

illustrated in Fig. 3 require resizing for all the reconstructed 3D
images to have the same resolution. To this end, we propose the
resizing method illustrated in Fig. 6.

Fig. 6 shows a 3D image containing a voxel T. As we stack the
images as shown in Fig. 3, the resulting 3D image has Sx ¼ L,
Sy ¼ W , and Sz ¼ H. Therefore, the number of 3D image voxels is
Sx � Sy � Sz. Let T be a voxel with intensity v in coordinate ðx; y; zÞ.
To resize the resulting image into a cube of a desired size,
ðDx;Dy;DzÞ, we resample each voxel intensity as follows:

Xi

j¼ð0;0;0Þ
v j ¼

xj; yj; zj
� �� Dx ;Dy ;Dzð Þ

2

� �

K
þ ððSx; Sy; SzÞ

2
Þ ð5Þ

where

K ¼ minðDx

Sx
;
Dy

Sy
;
Dz

Sz
Þ ð6Þ
Fig. 5. Voxel with interpolated values.



Fig. 6. 3D cube containing voxel T.
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Each voxel starting from that at coordinate (0, 0, 0) until the last
one of the desired image size is given the intensity value obtained
from Eq. (5). The value of ðDx;Dy;DzÞ is divided by 2 to avoid
stretching the resized image. As Eq. (5) can provide a floating-
point number, we apply trilinear interpolation before this equa-
Fig. 7. MRI DICOM images before histogram equalization

Fig. 8. MRI DICOM images in Fig. 7 after histogram equaliza
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tion. Eq. (6) provides the calculation of scale K. The scale is the
minimum of the desired size along each axis divided by the corre-
sponding original size.

After resizing the 3D images, any annotation (P1) in the meta-
data should be modified accordingly. This step is necessary to pre-
serve ground-truth data for the reconstructed images. To project
annotation P1 onto the resized 3D image, we should determine
the center of the original 3D image (C1) and that of the recon-
structed 3D image ðC2). Eq. (7) allows to determine the center of
both the original and resized 3D images:

C ¼ Sx
2
;
Sy
2
;
Sz
2

� �
ð7Þ

The center coordinate is first obtained for the original 3D image.
As this coordinate is known, we should calculate vector V1 by sub-
tracting C1 and P1 as follows:

V ¼ C � P ð8Þ
to then determine V2:

V2 ¼ V1 � K ð9Þ
The subtraction vector of the resized 3D image (V2) is thus

obtained, and we can calculate the coordinate of P2 using Eq. (8).
3. Results and discussion

We evaluated the proposed method and its procedure, obtain-
ing the results reported in this section.
. (a) Sagittal, (b) axial, and (c) coronal brain images.

tion. (a) Sagittal, (b) axial, and (c) coronal brain images.



Fig. 10. Brain MRI DICOM images (a), (c) before and (b), (d) after applying trilinear interpolation.

Fig. 9. Intensity values in 8 � 8 � 1 voxel of brain MRI DICOM image without histogram equalization.
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3.1. Histogram equalization

Histogram equalization is a widely used image enhancement
method. Fig. 7 shows brain MRI DICOM images before enhance-
ment using histogram equalization.

The images in Fig. 7 we taken from different planes and parts of
the brain. However, the different brain strucures cannot be easily
distinguished. Histogram equalization normalizes the intensity
values in the images, obtaining the enhanced brain MRI DICOM
images shown in Fig. 8. The normalized image voxels allow to
easily distinguish the white matter and gray matter of the brain
as well as the different structures due to the normalized intensity
values. Fig. 9. shows part of the voxel intensity values from an
unprocessed brain MRI DICOM image.

After applying histogram equalization to the 8 � 8 � 1 voxel of
the image in Fig. 9, the intensity values change according the min-
imum and maximum intensity values in the data voxels. In Fig. 9,
the minimum voxel intensity of 52 is converted into 0, and the
maximum voxel intensity of 154 is converted into 255.

3.2. Trilinear interpolation

Trilinear interpolation is used to smooth the 3D MRI DICOM
images. As a voxel contains values at its vertices, no intermediate
Fig. 11. (a), (c), (e) 3D MRI DICOM images with resolution of 256 � 256 � 170 and
(b), (d), (f) resized images to resolution of 256 � 256 � 256.
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values are contained in the voxel without interpolation, resulting
in images with rough textures. Fig. 10 shows MRI DICOM images
before and after applying trilinear interpolation.

Fig. 10(a) and (c) shows histogram-equalized brain MRI DICOM
images without interpolation. These images are not as smooth as
those shown in Fig. 10(b) and (d), which after trilinear interpola-
tion present values within the voxels. The interpolation values
are required for proper DICOM image resizing.
3.3. Resizing

Downsizing or upsizing 3D DICOM images may facilitate appli-
cations such as machine learning methods by, for example, simpli-
fying data gathering or preprocessing. Using the proposed method,
images can be resized as necessary. Fig. 11 shows examples of
image resizing.

Fig. 11(a), (c), and (e) show 3D brain DICOM images after stack-
ing, and Fig. 11(b), (d), and (f) show 2D views of the corresponding
images arranged using the proposed method by taking a slice per
image. Fig. 11(a) and (b) show the sagittal plane, whereas Fig. 11
(c) and (d) show the axial plane, and Fig. 11(e) and (f) show the
coronal plane. The views from the axial and coronal planes show
the same shape. The image in the sagittal plane shows a different
image for the same slice number. This occurs because the image
in the sagittal plane has been rescaled from 170 to 256.

Another resizing method can be achieved in the 2D plane by
taking each voxel of the image. For an image with resolution of
256 � 256, resizing to a resolution of 128 � 128 takes the first
voxel value per pair of values to generate the resized image.
Fig. 12 compares this resizing method with the proposed method.

The results in Fig. 12 are similar, but the proposed method pro-
cesses 3D images, providing a resolution of 128 � 128 � 128,
whereas the comparison method provides a resolution of
128 � 128 � 170 due to 2D resampling.

The comparison of slices obtained from the proposed method
with those obtained from the 3D image reconstruction method
proposed in (Grandhe et al., 2018) are shown in Fig. 13.

The 3D images in Fig. 13 have been resized to 256 � 256 � 256
for the proposed method and to 256 � 256 � 156 for the method in
(Grandhe et al., 2018), which was implemented in MATLAB. Apply-
ing histogram equalization further improves visualization. The
improved image quality obtained from the proposed method is
detailed in Fig. 14. The difference between the images in Fig. 14
(a) and (b) is shown in a magnified view. Clearly, the resolution
of the image in Fig. 14(a) is lower due to the bigger voxel compared
with the resolution of the image generated using the proposed
method shown in Fig. 14(b).
Fig. 12. MRI DICOM images resized using (a) image sampling in two dimensions
and (b) proposed method.



Fig. 13. Comparison of 3D images on plane obtained from (a), (b), (c) method in (Grandhe et al., 2018), (d), (e), (f) proposed method without histogram equalization, and (g),
(h), (i) proposed method with histogram equalization.
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We also created 3D solid objects in the STL format by using the
marching cube algorithm, obtaining the results shown in Fig. 15 for
visualization of 3D figures.

In Fig. 15, four different MRI scans were reconstructed into 3D
objects, verifying that the results obtained from the proposed
method can be used to create 3D solid objects.
3.4. Projecting annotations

MRI data reconstructed in a 3D representation may contain
ground-truth information of various organs or areas of the brain.
Thus, resizing the 3D image may lead to the loss of valuable anno-
tations. To project annotations onto a resized 3D image, we use Eq.
(7) – (9). For image A with resolution of 256 � 256 � 170 that is
8

converted into image B with resolution of 256 � 256 � 256, we
first must calculate both image centers (C) using Eq. (7). Eq. (10)
and (11) show the values of C for images A and B, respectively.

CA ¼ 256
2

;
256
2

;
170
2

� �
¼ ð128;128;85Þ ð10Þ
CB ¼ 256
2

;
256
2

;
256
2

� �
¼ ð128;128;128Þ ð11Þ

Both CA and CB are used to calculate the subtraction vector of
the image center and annotation using Eq. (8). For this example,
we included an annotation (PA) of the anterior commissure in brain
coordinate (83.84, 137.77, 137.33) of the original image. Eq. (12)
illustrates the use of vector C.



Fig. 14. Detailed comparison of images obtained from (a) method in (Grandhe et al.,
2018) and (b) proposed method.
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VA ¼ 128;128;85ð Þ � 137:33;137:77;83:84ð Þ
¼ ð�9:33;�9:77;1:16Þ ð12Þ
The result of Eq. (12) is then used with Eq. (9) as follows:

VB ¼ ð�9:33;�9:77;1:16Þ � ð1;1;1Þ ð13Þ
This result is then used in Eq. (8) to determine the coordinate of

the annotation on image B. The annotation projection result is
given by

PB ¼ 128;128;128ð Þ � �9:33;�9:77;1:16ð Þ
¼ 137:33;137:77;126:84ð Þ ð14Þ
The coordinate of the annotation on resized image B (PB) and

the original annotation are shown in Fig. 16.
Fig. 16 shows the correct projection of the annotation in the

anterior commissure onto the resized brain MRI DICOM image.
As Fig. 16(a) shows the position of the annotation at a higher res-
olution, the voxel size is smaller than that shown in the resized
image of Fig. 16(b).
Fig. 15. Solid 3D objects created from 3D image arrays obtained using the proposed
method.
4. Conclusions

We propose a method to reconstruct 3D images from DICOM
files. Medical images often rely on 3D representations because they
provide a more realistic perspective than 2D images. Moreover,
machine learning or deep learning algorithms can use such images
to provide meaningful information. The proposed method can gen-
erate 3D images from DICOM image slices and resize the image in
three dimensions at the same quality of 2D resizing. The generated
images may be further improved by using methods such as gener-
ative adversarial networks to patch the DICOM images, especially
for large spacing between slices. We will explore such methods
that would enable to fill the voxels between slices with values con-
sistent to those from similar DICOM images.
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Fig. 16. Annotations in brain MRI DICOM images with sizes of (a) 256 � 256 � 256 and (b) 128 � 128 � 128.
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