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Abstract
In this work we present a workflow to register and fuse single scalar data of multimodal imaging tech-
niques. For this purpose the datasets of each modality need to be precisely and robustly registered. In
the second step the registered datasets are then combined in a single representation, the fused output
dataset. We are using a 3D image registration approach based on mutual information and present two
methods for image fusion, one performed in the spatial domain by averaging and one in the transform
domain by wavelet analysis. Visualization tools such as magic lenses, difference images and checkerboard
visualizations are introduced to interactively explore the registration result as well as the combined im-
ages. Furthermore, using color and opacity mapping the users may focus on the exploration of details in
the datasets. For evaluation of the performance the proposed workflow is applied and discussed on real
world industrial parts made of carbon-fibre-reinforced polymers and wood-plastic composites.
Keywords: Multimodal visualization, industrial image processing, image fusion, multimodal image
registration, wavelet transform based fusion

1. Introduction

Three dimensional imaging techniques such as X-ray computed tomography (3DXCT) are nowadays
on the cutting edge in material science and testing. To improve quality of components and locate defects
within them, 3DXCT technologies are used to provide insights at the micro-scale. In many industrial
applications it is desirable and advantageous to acquire non-destructive testing (NDT) data using more
than one modality, in order to achieve a comprehensive overview of the specimens investigated. For
example, neutron computed tomography allows to scan and extract information which may be very
different from X-ray imaging or other 3D NDT techniques. In several cases a side by side comparison of
these images is enough for a quick visual comparison, but in many cases it is necessary to go beyond.

The main purpose of this work is to provide material scientists and physicists a software tool that
is able to align and visualize multi-modal 3DXCT datasets. When the images are resampled using the
transformation obtained by the registration process, several fusion methods are provide to gain insight.
The fused image can be interactively explored to analyze e.g. defects, voids, inclusions.

1.1. Previous Work

1.1.1. Image Registration
Multi-modal image registration in medical applications is widely used an well documented in liter-

ature (Mattes et al.[1], Eikeland et al.[2], Pluim et al.[3]). Mutual information of overlapping areas of
images is at its maximum when the images are correctly aligned. As similarity measurement between
images acquired from different methods such as CT, MRT and PET, Mutual information has proven to
be a robust and reliable measurement[4].
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1.1.2. Image Fusion

Applications of image fusion benefit from the use of multiple images of a scene and are widely used

in medicine, industry, remote sensing, surveillance and defence applications. Image fusion techniques can

be categorized into low, mid and high level techniques (also referred to as pixel, feature and symbolic

levels)[5]. Symbolic level fusion techniques combine image descriptions e.g. in form of relational graphs[6].

Feature level techniques segment images into regions and apply an intermixing using various properties[7].

Pixel-level fusion methods can work either in spatial domain or in transform domain. A general survey

of different fusion techniques in spatial and transform domain can be found in [8]. Image fusion of dual

energy 3DXCT datasets at the pixel level has been reported e.g. by Heinzl et al.[9],[10]. They use an

adapted version of weighted averaging to combine the high energy with the low energy dataset. A region

based encoding of the weights is applied. Image fusion of XGI data has been reported for instance by

Haas et al.[11], Wang et al.[12], Scholkmann et al.[13], Roessl et al.[14] and Revol et al.[15]. Haas et

al.[11] create the fused image by a weighted linear combination of the input images. The weighting

factors can be chosen manually. Stampanoni et al.[16] employ a two step fusion process where in a first

step the AC image is fused with the DFC image by principal component analysis (PCA). The result

is then fused with the DPC image by ’either spatial space methods, Fourier space methods or other

suitable fusion schemes, such as PCA’. A multi-resolution approach was published by Wang et al.[12]

for the fusion of mammography images by a decomposition of the images into images at different spatial

frequencies (by wavelet or Laplacian decomposition), intra- and inter band processing i.e. weighting the

wavelet coefficient, and creating the final image by performing inverse decomposition.

2. Methods

2.1. Image Registration
3DXCT scanning devices may differ in their exact implementation and setup. More precisely, restric-

tions in maximum object size which can be scanned lead to differences in positioning and orientation in

the datasets. These differences need to be corrected in order to observe the same features over multiple

images. The process of obtaining the spatial transform that maps points from one image to points on

another image is called image registration. The samples are not expected to expand or shrink during

data acquisition. The transformations therefore needed are linear transformations e.g. translation and

rotation, contrarily to elastic transformations which can cope with local deformations. Image registration

using data origin from different image sources can be categorized as multi-modal registration. As image

similarity measure a gray-value independent approach is needed, since data values are not expected to be

in same data range. Therefore, a mutual information based registration approach measures the matching

of images.

2.2. Image Fusion
Image fusion is the technique of combining a set of input images (I1. . .IN ) into a single image (IF )

that is more informative and more suitable for visual inspection. The combined image should have the

maximum information content from all input images without producing details that are non-existent in

the original images. The fusion process should also not generate artefacts, distortions or inconsistencies.

In this work the focus lies on one spatial domain fusion technique, weighted averaging with adaptable

alpha channel, and one transform domain fusion technique, the wavelet transform.

2.3. Spatial domain fusion
2.3.1. Arithmetic Fusion

Arithmetic fusion is a very common technique to combine two images since it is simple and fast to

implement. The composed image is calculated using following formula:

Ifused = w ∗ I1 + (1− w) ∗ I2 (1)



The weighting factor w can take values between 0 to 1 and is defined by user. Averaging: If w is set to

0.5, the fused image Ifused will be a composition of 50% grey value from image I1 and 50% of grey value

from image I2.

Ifused = 0.5 ∗ I1 + 0.5 ∗ I2 (2)

2.3.2. Information Based Fusion

Instead of user defined weighting, the value mutual information between two registered images is

taken as weighting factor w. This value is calculated by the metric during optimization process of

the registration. Mutual information in the context of registration tells us how well one image can be

expressed without knowledge of the other image. The idea in the context of image fusion is to define the

weighting factor according to the value of the mutual information. A normalization step of the input

images is required in order to provide comparable results. The resulting image will be composed after

following formula:

Ifused = MI ∗ I1 + (1−MI) ∗ I2 (3)

2.4. Transform domain fusion

Wavelets are finite duration oscillatory functions with zero average value. Wavelets can be described

by using two functions (see Table 1): the scaling function (φ) - also referred to as father wavelet, and

the wavelet function (ψ) - also referred to as mother wavelet[17]. Wavelet based fusion techniques use

following principle of work: first, compute the wavelet coefficients of both registered input images by

wavelet transform (WT ), then fuse the coefficients after a defined fusion rule φ and finally perform

the inverse transform (WT−1) to compute the resulting image. Wavelet based image fusion techniques

offer several advantages over similar pyramid based fusion schemes when it comes to image fusion: the

wavelet transform provides directional information while other representations do not introduce any

spatial orientation in the decomposition process. Wavelets are localized in both time and frequency

whereas other like standard Fourier transform is only localized in frequency.

2.4.1. One-dimensional wavelet transform - Haar transform

The Haar wavelet analysis of a continuous variable is a step function (see Table 1 (right)). According

ψ(x) =











1, if 0 ≤ x ≤
1

2
,

−1, if 1

2
≤ x ≤ 1,

0, otherwise.

φ(x) =

{

1, if 0 ≤ x ≤ 1,

0, otherwise.

Table 1: Wavelet (left) and scaling function (middle) of the Haar Wavelet.

to Pajares et al.[18] the mother wavelet is representing the detail and high-frequency parts of a signal,

whereas the scaling function is good at representing the smooth and low-frequency details of a signal.

The Haar wavelet transform can be easily extended to two dimensions by applying the filter to the rows

and columns of an image. For proof and further reading see Pajares et al.[18].

3. Specimens

3.1. Wood Plastic test specimen (WPC)

Specimen one (see Fig.1) is a wood plastic composite material. Data were acquired by X- and neutron

radiation. Corresponding features in both datasets are highlighted in orange. Although brightness has



been changed for better visibility, the X-ray image still remains very dark. This is because X-rays are

less attenuated by timber particles or the used resin. Neutron radiation, on the other side, shows higher

cross sections for those materials resulting in better image contrast compared to X-rays.

(a) WPC1 - X-ray image (b) WPC1 - Neutron image

Figure 1: Specimen one: Wood Plastic Composite material. Axial cross section through datasets.

3.2. Carbon Fibre Reinforced Polymer test specimen(CFRP)

The material of specimen two (see Fig. 2) is carbon-fibre reinforced polymer. The datasets (AC,

DPC, DFC) were acquired by X-ray grating interferometry using the Talbot-Lau setup. Additional

information about manufacture, prepreg composition and wave patterns can be found in [15]. The

datasets are suffering several artefacts: ring artefacts in the absorption contrast, edge artefacts in the

DFC and phase clipping artefacts in the DPC dataset.

(a) Absorption contrast (b) Differential phase c. (c) Dark field contrast

Figure 2: Specimen two: Carbon-fibre reinforced polymer. Axial cross section through datasets.

4. Results and Discussion

4.1. Registration Results: specimen one (WPC)

In the following section registration results of specimen one will be shown. Since XGI data are

registered inherently, only the fusion results will be presented.

Registration results of specimen one (3.1) are outlined in Fig. 3. The difference image before and after



registration are shown in figures 3a and 3b. The checkerboard visualization before and after registration

are depicted in figures 3c and 3d. Rotation matrix and translation vector are displayed in Fig. 3e and

the joint PDF of registered images is shown in Fig. 3f.

(a) Difference image before registration.
Colour transfer function changed. Red in-
dicates low values - green high values.

(b) Difference image after registration.
Colour transfer function changed. Red in-
dicates low values - green high values.

(c) Checkerboard visualization before
registration.

(d) Checkerboard visualization after
registration.

(e) Log output - rotation matrix and
translation vector.

(f) Joint probability function.

Figure 3: Registration results - specimen one (WPC)

4.2. Fusion Results: specimen one (WPC)

The image calculated by weighted averaging is shown in Fig. 4a, the image calculated according to

the value of MI is shown in 4b. Image (b) is less blurred than (a) and structures within the object remain

visible much better. Due to the higher grey values in the neutron dataset simple averaging causes the

fused image to get very bright. The results of the wavelet transform fusion are outlined in figures 4c, 4d



and 4e. Compared to spatial domain fusion the wavelet transform performs better on this dataset. One

drawback of wavelet based fusion applied on this dataset is that small artefacts are introduced in the

fused image (see Fig. 4c and 4e). The noise can be removed by applying a median filter with small (e.g.

2x2x2 px) window.

(a) Arithmetic fusion - 50%
image 1,50% image 2

(b) Fused image - mutual in-
formation (0.3)

(c) Wavelet based fusion
(min)

(d) Wavelet based fusion
(max)

(e) Wavelet based fusion
(avg)

Figure 4: Specimen one: WPC. Axial cross section through fused image.

4.3. Fusion Results: specimen two (CFRP)

Finally the results of the CFRP dataset are presented in Fig. 5. The fusion of this dataset was done

in two parts. First, fuse the AC (a) with the DPC image (b) by equally averaging the inputs. The fused

image is then used as input for fusion with the DFC image. This ordering was chosen because both

the AC and DPC images have more similarities in common compared to the DFC image. Usually the

DPC signal provides a higher response at material interface regions like edges. Grating interferometry

measurements performed on this dataset showed that the DPC signal does not provide better contrast

at interface regions. The reason for this may be that the materials within the CFRP sample refract the

beam by multiples of Pi. Therefore the signal can not be detected and looks similar to the AC signal.

The results of the proposed fusion methods are depicted in Fig. 5 (a) to (e). Averaging the inputs half

by half (see Fig. 5a) shows very interesting results in terms of visibility of the fibre bundles, pores and

voids. Domain experts are able to localize malfunctions within the material (e.g. voids or pores) next

to the single fibre bundles. The wavelet transform fusion did not outperform the other methods for this

dataset. Fusion schemes min and avg blur the image, fusion scheme max is not capable of preserving

interesting details.



(a) Arithmetic fusion - 50%
image 1,50% image 2

(b) Fused image - mutual in-
formation (0.57)

(c) Wavelet based fusion
(min).

(d) Wavelet based fusion
(max).

(e) Wavelet based fusion
(avg).

Figure 5: Specimen two: CFRP. Axial cross section through fused image.

4.4. Colour Transfer Function

An automated definition of colour transfer function for a fused image is a non-trivial task since

different image modalities and materials need to be taken in account. The proposed fusion application

utilizes two separate colour transfer functions. The first is used to map the grey values of the fused

image to colours. The second transfer function is set via the magic lens viewing window (see Fig. 6).

Transfer function points can be added through the histogram widget (see Fig. 6). In Fig. 7a the fused

image is calculated by using 0% of the DFC image and 100% of the (DPC+AC) image. On top of the

fused image the magic lens viewing rectangle is displayed. In this window the user can set the colour

transfer function separately for the (DPC+AC) image. Here, yellow is used to indicate low values. The

histogram at the bottom of 7a is the fused images histogram and was not changed. In Fig. 7a and 7b

both input images are shown with the same colour transfer function applied on the magic lens view.

4.5. Evaluation of Fusion Methods

For image fusion weighted averaging and wavelet decomposition are implemented. The results of the

different methods are shown in Fig. 4 and 5. Not every method performed well on every dataset as one

can see for example in sample 5 (d) and (e). Arithmetic fusion did not show good results in 4 (a,b) but

has shown to be very useful for the fusion of the X-ray grating interferometry measurements. Generally,

spatial transform fusion performed well for uni-modal datasets and transform domain fusion techniques

for the multi-modal datasets.

Initially the wavelet based decomposition was developed for the XGI datasets. Based on the proper-

ties of the X-ray wave-front induced by the gratings, the idea was to use wavelet decomposition to fuse

the input images[13]. It turned out that this approach is less suited for the XGI datasets. There could be

multiple reasons for this effect. First, the used Haar 2D wavelet transform is not capable of preserving

relevant information. A more complex wavelet function could solve this problem. Simple averaging in

contrast to wavelet transform fusion showed very interesting results. In 5(f) the resulting image depicts



Figure 6: Dataset: CFRP; Fused image = 25% DFC + 75%(AC+DPC); Magic lens displayed on top of
fused image with colour transfer function set

(a) Image calculated by arithmetic fusion: 100%
(DPC+AC) + 0% DFC .

(b) Image calculated by arithmetic fusion: 0%
(DPC+AC) + 100% DFC.

Figure 7

the fibre bundles as well as the filler material with darker areas inside. Changes of the intensity in a

material may be an indicator for failures in the production process like pores or cracks.

Domain experts are now able to register and fuse industrial 3DXCT data origin from 3DXCT, NCT

and XGI scanners. It has been shown that fusion of information acquired by different measurement tools

is able to provide results with improved intelligence.

5. Conclusion and Further Work

The presented pipeline in this paper offers a good starting point for further research regarding

industrial image registration and fusion. Advantages and disadvantages of the different fusion algorithms

have been shown on industrial CT measurements. Although the selection of fusion algorithm is problem

dependent, one can say that spatial domain fusion techniques provide higher spatial resolution, but have

more image blurring problems. Wavelet transform fusion on the other hand provides high quality spectral

content.

The pipeline for registration of multi-modal industrial CT data has shown to provide good results.

The most critical part in registration is the finding of good parameters. In the presented pipeline the



user first has to select the image modalities to process which allows to fill the actual input window with

predefined parameters, which usually yield in good registration results. Nevertheless, registration some-

times fails. In a further step, the definition of a parameter range could be useful, where the optimizer

automatically selects the next value if registration fails. Up to now the pipeline needs to be restarted if

registration fails.

The proposed fusion techniques in this work have shown several advantages and disadvantages. Depend-

ing on the dataset, the results, even from the same material, can differ very a lot. The main disadvantage

of the weighted averaging is that the weighting factor is a global value applied on all pixels of the input

images. The value of mutual information has shown to provide better results than to take the simple

average. To improve fusion quality, only certain regions, depending on the value of mutual information

could be used for fusion, similar to the idea of Haidacher et al.[19]. The wavelet transform fusion, as

previously mentioned does not provide useful results for the CFRP dataset. Maybe other wavelets as the

Haar e.g. Daubechies or more complex DWTs are better suited for CFRP datasets. Another possible

direction of research could be to use a combination of DWT and spatial domain fusion techniques or

principal component analysis (PCA).
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