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Abstract: The modeling of real objects digitally is an area that has generated a high demand due
to the need to obtain systems that are able to reproduce 3D objects from real objects. To this end,
several techniques have been proposed to model objects in a computer, with the fringe profilometry
technique being the one that has been most researched. However, this technique has the disadvantage
of generating Moire noise that ends up affecting the accuracy of the final 3D reconstructed object. In
order to try to obtain 3D objects as close as possible to the original object, different techniques have
been developed to attenuate the quasi/periodic noise, namely the application of convolutional neural
networks (CNNs), a method that has been recently applied for restoration and reduction and/or
elimination of noise in images applied as a pre-processing in the generation of 3D objects. For this
purpose, this work is carried out to attenuate the quasi/periodic noise in images acquired by the
fringe profilometry technique, using a modified CNN-Multiresolution network. The results obtained
are compared with the original CNN-Multiresolution network, the UNet network, and the FCN32s
network and a quantitative comparison is made using the Image Mean Square Error E (IMMS), Peak
Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Profile (MSE) metrics.

Keywords: 3D object; computer vision; CNN; fringe profilometry; filter; Moire noise; PSNR; synthetic
objects

1. Introduction

Sensors and cameras detect the world in two dimensions and without depth, unlike
humans who perceive the world in three dimensions and with depth, thus detecting details
of the surrounding world. However, modern techniques make it possible to obtain 3D
information from objects by means of sensors and cameras, thus observing the surrounding
world with near-realistic accuracy. One of these techniques is to obtain 3D information
of objects by means of 2D images using phase shift profilometry (PSP) on objects [1,2].
However, this technique produces noise in the images, known as Moire noise, due to the use
of a fringe pattern projected on the object, which affects the accuracy and final reconstruction
of the object to be reconstructed and the extraction of 3D information [3,4]. The reduction
and/or elimination of periodic or quasi/periodic noise, known as Moire noise, began as soon
as the first digital images could be obtained; however, it was not until it was analyzed as to
how such noise was produced that research began on ways to attenuate or eliminate it from
the images. Once the noise present in the images was analyzed, it was found that they are
formed in a repetitive pattern, and that they are of different nature, as is shown in Figure 1.
Recent techniques make use of deep learning to deal with restoration of images. A deep
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learning model is a set of layers made up of linearly stacked neurons and are widely used in
different areas, such as computer vision tasks, language processing, signal processing, and
time series processing, among others [5-12]. Convolutional neural networks are a type of
deep learning model for computer vision tasks, and have many applications in this field,
since their potential has been demonstrated in areas of low-level computer vision and image
processing tasks. Many of these tasks involve object recognition, classification, segmentation,
restoration, and image denoising and/or attenuation [13-20]. In this paper, we propose and
compare a filter based on a deep convolutional neural network to reduce the quasi/periodic
noise in images affected by this noise as pre-processing of images, in the 3D reconstruction
of objects by means of fringe profilometry. The deep learning network proposed in this
article was based on the Multiresolution-CNN proposed by Sun [21] for periodic noise
reduction in digital images, using as a comparison the same network used as the original
Multiresolution-CNN base, the UNet network [22], and the FCN32s network [23], whose
characteristics will be described below. The results obtained will be described, along with a
brief discussion, in Section 3, and the conclusions will be presented in Section 4. It should
be noted that two experiments were carried out: the first one with the parameters of their
respective authors adapted to the task of denoising, and the second one with the best
parameters reached and adjusted to each CNN model to make a fair comparison.

(@) (b) (©)
Figure 1. Images with different type of periodic noise. (a) Image without noise. (b) Image with
periodic noise. (c) Image with quasi/periodic noise.

2. Materials and Methods

The development of the fringe profilometry system emulation environment, the train-
ing of the proposed Convolutional Neural Network (CNN), and the CNNs used for com-
parison are performed on a personal computer with an 17-10750H processor @2.60 GHz,
with 16 Gb of RAM and an NVIDIA GeForce RTX 3060 graphics card with 6 Gb of RAM.
The experiments and tests were also performed with the above mentioned computer and
Matlab 2020a. The images used for the experiments were created by emulating a 3-step
fringe profilometry system in the open source software Blender, version 2.95.5. The fringe
projector is represented by a lamp, while the camera has a focal length setting of 28 mm [24].
The 3D object models used are acquired from platforms such as TurboSquid, which are also
free to use. To perform the training, the 345 images were divided in proportion of 70%
for training, 10% for validation and 20% for testing, following the methodology proposed
by Sun [21]. Some images of the database can be seen in Figure 2; both the image with
quasi/periodic noise and its corresponding target image preprocessed with the algorithm
developed to attenuate the quasi/periodic noise, which is shown in detail in Section 2.1.

Figure 3 indicates the steps followed to prepare the database of images, the sets of
training, validation, and testing, and the procedure performed for each convolutional
neural network architecture used.
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(a) Image with noise.  (b) Filtered image. (c) Image with noise.  (d) Filtered image.

(e) Image with noise.  (f) Filtered image. (g) Image with noise. (h) Filtered image.

(i) Image with noise.  (j) Filtered image. (k) Image with noise. (1) Filtered image.
Figure 2. Database images generated for Convolutional Neural Network (CNN) training.
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Figure 3. Methodology used.

2.1. Pre-Processing of Database Images

Once the images necessary for the training of the CNNs have been obtained, it is
necessary to pre-process them in order to obtain the set of images used as source and target.
To achieve this, a phase unwrapping algorithm is used to obtain the absolute phase to obtain
the source set. A filtering algorithm is then applied to obtain the set of images to be used
as target images [25]. The methodology shown in Figure 4 shows the steps followed to
filter and remove quasi/periodic noise using an adaptive filtering algorithm based on the
frequency domain (ATBF) [26] as a basis.
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Figure 4. Methodology used to remove noise from the images created in the database.

In summary;, the step series are described below:

An absolute phase image is obtained by an unwrapping algorithm which contains the
3D information of an object or surface in the spatial domain.

The absolute phase image is transformed to the frequency domain using the fast
Fourier transform.

A convolution with a Laplacian kernel of size 5 x 5 is applied to the image in the
frequency domain to highlight the pixels that contain corrupted frequencies.

A second image is created from the original frequency domain image as a mask, in
order to preserve the central region which contain most of information of the image.

After the convolution, the pixels with frequencies corrupted are replaced by the mean
of their neighbors pixels, and the mask is applied to recover the original central region
completing with this the process of filtering.

An inverse fast Fourier transform is then applied to the frequency domain image
filtered to obtain an image in the spatial domain.

The filtered image in the spatial domain it is then processed by a smoothing filter in
order to reduce the noise remaining.

Finally, a filtered image from an image with quasi/periodic noise is added to a database.

A detailed explanation can be found in our previous work [25].

2.2. Construction of Convolutional Neural Network Model

Three Convolutional Neural Networks, in addition to the proposed one based on the

Multiresolution-CNN [21], were evaluated, and two experiments were carried out.

In the first experiment, the features proposed by the original author of each Convolu-

tional Neural Network were used, which are summarized in Table 1. U-Net, FCN32s, and
Multiresolution-CNN [21] while similar to Multiresolution-CNN in the proposed model,
changed the size of images and the input based in grayscale.
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Table 1. Hyperparameters used during training of networks for comparison.
. . Modified
Parameter U-Net FCN32s Multiresolution-CNN Multiresolution-CNN
Batch-size 4 8 8 32

Initials weights

Bias
Learning rate
Optimizer
Training loss
Validation loss
Test planing
(train, val, test)
Image size
(width, height)
Set train images

Set validation images

Set test images

Gaussian random

(Mean = 0.0, std = 0.01) Pre-trained VGGNet

0.0 0.0
1x107° 1x 1074
RMSprop() RMSprop()
MSELoss() BCEWithLogitsLoss()
MSELoss() BCEWithLogitsLoss()
70%, 10%, 20% 70%, 10%, 20%

572 x 572 pixels 512 x 512 pixels

276 276
27 27
69 69

Gaussian random
(Mean = 0.0, std = 0.01)

Gaussian random
(Mean = 0.0, std = 0.01)

0.0 0.0
1x 1074 1x 1074
Adam() Adam()
MSELoss() MSELoss()
MSELoss() MSELoss()
70%, 10%, 20% 70%, 10%, 20%

256 x 256 pixels 256 x 256 pixels

276 276
27 27
69 69

The U-Net and FCN32s architecture used in this work were used in the same way
as the original authors, changing the hyperparameters to be adapted to infer complete
images instead of segmented images. This was obtained by changing the optimizer, training
and validation loss, and using the target and as an output and a convolution instead of
classification, as can be observed in Figures 5 and 6. The Multiresolution-CNN and Modified
Multiresolution-CNN models preserved the hyperparameters proposed by Sun et al. [21],
because they demonstrated the best performance with these hyperparamters.

1 channel

572 x 572 128128

Iliﬂﬂ

convolution 1 channel
388 x 388

256 256

512 512

1024

Figure 5. U-Net network architecture [22].

1 channel

256

96

Figure 6. FCN32s network architecture [23].
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Finally, all inferences were cropped to the size of the inference produced by the U-Net
network, because the original architecture produces a image of size 388 x 388 pixels so as to
make a fair comparison, and the cut was made from the center of the image. The optimizer
RMSprop() [27,28] was used for the U-Net and FCN32s models,

St = P1Si-1+ (1 - B1)g* 1)

Ui
G 2
el (2)
where E is the error and w, the weight change. The gist of RMSprop is to maintain a moving
average of the square gradients and divide the gradient by the root of this average. The
optimizer Adam() was the hyperparameter used for Multiresolution-CNN and Modified
Multiresolution-CNN,

Orp1 = 01 —

mp = Bymy_1 + (1 — B1)gt (©)
vt = Bovr_1 + (1 — Ba)gt, (4)

where g; is the gradient evaluated a timestep t, m; is the moving average, v; is the squared
gradient, and B and B, are the decay rates for the moment estimates. Optimizer Adam is
based on adaptive estimation of first-order and second-order moments, and is computa-
tionally efficient and has little memory requirements [27,29].

The MSELoss() function [30] was used to calculate the training and validation loss for
models U-Net, Mutiresolution-CNN, and Modified Multiresolution-CNN

I(x,y) =L={l,...,IN} I, = (xn —yu)?, (5)

where N is the batch size, x and y are tensors of arbitrary shapes with a total of n ele-
ments each.

The second experiment was carried out proposing similar hyperparameters, which
are summarized in Table 2, so as to make a fair comparison and so as to obtain the best
results from each Convolutional Neural Network model trained.

Table 2. Parameters used during network training for comparison.

. . Modified
Parameter U-Net FCN32s Multiresolution-CNN Multiresolution-CNN
Batch-size 4 4 4 4

Initials weights

Bias
Learning rate
Optimizer
Training loss
Validation loss
Test planing
(train, val, test)
Images size
(Width, Height)
Set train images
Set validation images
Set test images

Gaussian random
(Mean =0.0,std =0.01) (Mean =0.0,std=0.01) (Mean =0.0,std =0.01) (Mean =0.0,std =0.01)

Gaussian random Gaussian random Gaussian random

0.0 0.0 0.0 0.0
0.0001 0.0001 0.0001 0.0001
Adam() Adam() Adam() Adam()
MSELoss() MSELoss() MSELoss() MSELoss()
MSELoss() MSELoss() MSELoss() MSELoss()
70%, 10%, 20% 70%, 10%, 20% 70%, 10%, 20% 70%, 10%, 20%

512 x 512 pixels 512 x 512 pixels 512 x 512 pixels 512 x 512 pixels

276 276 276 276
27 27 27 27
69 69 69 69

2.3. U-Net Network

The U-Net convolutional network is a network commonly used for segmentation tasks.
This network takes advantage of the use of data augmentation to perform the segmentation
task using a limited number of images and achieving good results. The architecture of the
network shows a shrinking path to capture the context of the feature map and an asymmetric
expansion path that enables accurate feature localization. The U-Net network was originally
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created for segmentation tasks in the biomedical area, having achieved its purpose with
a limited number of images; however, the authors claim that it can be useful for other
tasks [22]. The architecture of the U-Net network used in this work is shown in Figure 5.

2.4. FCN32s Network

The FCN32s network is a Convolutional Neural Network that takes a deep learning
network model for classification, and uses that classification to produce a feature map that
allows for image segmentation. The vision of the creators was to take a network that would
allow for classification of any given image size and be able to perform inference with good
efficiency. The network comprises a hop that adds to the VGG16 network a FCN in order
to segment according to the results obtained directly from the output of the classification
network [23]. The network architecture used is shown in Figure 6.

2.5. Multiresolution-CNN

The Mutiresolution Convolutional Neural Network is a fully convolutional network
trained to remove Moire pattern noise from photos by nonlinear analysis at different
resolutions from a contaminated input image before calculating how to cancel the Moire
artifacts in each frequency band present in the image. The neural network is intended
to eliminate Moire noise in images acquired by cellular phones taken from screens, in
which Moire noise is produced at different frequencies due to the difference between the
camera sensor and the pixels displayed on the screens [21]. The image in Figure 7 shows
the architecture of the Multiresolution convolutional network adapted to this work.

3 channels
256 x 256  Scale 2
HI2 x Wi2

|

|

|

|
Scale3 |
H/4 x W/4|
|

Scale4 |
H/8 x W/83 D

3 channels
256 x 256

Scale4 | i
Hi16 x Wi1e  [I—] [ [ [ D—ﬁDD D

Downsampling [

layers Upsampling layers

Figure 7. Multiresolution network architecture [21].

2.6. Modified Multiresolution-CNN Network Proposed

The proposed network for pre-processing images with quasi/periodic noise is based
on the network proposed by Sun [21], adding an extra layer that receives images from one
(1) kernel of 1 x 1 and a single channel, and another layer of similar characteristics at the
output, in order to keep the original network intact. The network architecture is shown in
Figure 8.
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512x512 = J i | !
Scale2 | } | ‘ s
HI2 x W/2| | ! iR 1 Channel

| | grayscale

Scale 3
H/4 x W/4

1 Channel
512 x 512

Scale 4
H/8 x W/8

Scale 4

H6 x wite. [II—{ [ [0 [ D—*DDD

Downsampling | = H,
layers Upsampling layers

Figure 8. Proposed Modified Multiresolution-CNN Network Architecture.

3. Results and Discussion

The experiments were carried out using the parameters proposed by their respective
authors. However, it should be noted that for the UNet network [22] and FCN32s net-
work [23], some parameters were changed from those that the optimizer originally used,
while the proposed Modified Multiresolution network and the Multiresolution-CNN net-
work [21] used the parameters of the latter, only changing the architecture of the modified
network. Instead of using an optimizer to measure the pixel classification performance, a
more convenient optimizer was used for both cases to measure the noise difference between
the quasi/periodic noisy image and the target image. In addition, for this first training
and experiment, the pre-trained weights of the VGGNet network were used. As a second
experiment, it was performed with the parameters that obtained the best result of the
proposed CNN network architecture, and would be adjusted to the other CNN models
for comparison.

3.1. Experiment 1: Parameters Proposed by the Authors of Each CNN

The hyperparameters used in each convolutional neural network for the first experi-
ment are shown in Table 1.

The training was performed with 50 epochs, in which the model was saved if the result-
ing loss function was lower than the previously obtained value, and was strongly penalized
otherwise. The graphs in Figure 9 show the evolution of the training loss and validation loss
of the four trained CNN models, scaled logarithmically for a better appreciation of the loss.

The graphs in Figure 10 show the evolution of the training and validation loss for each
trained CNN. It can be seen how these values evolve as expected to be able to make correct
inferences in the case of the Multiresolution [21] and Modified Multiresolution networks.
That is, the model fits the training set correctly, and the loss decreases as when validation is
performed, so when testing the newly trained model, the inference error is minimal.
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Figure 9. Evolution of (a) training loss and (b) validation loss.

(a)

20 30 40 50 0 40 50

Epochs Epochs

(d)
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Epochs
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0.150-
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0.100-
(/)]
80.075-
go.
0.050-
0.025-

‘ | | ‘ 0.000-
20 30 40 50
Epochs
Figure 10. Evolution of training and validation loss for (a) U-Net model, (b) FCN32s model,
(c) Multiresolution-CNN, and (d) Multiresolution-CNN Modified.

The results of applying the trained models of the networks to images contaminated
with quasi/periodic noise obtained by fringe profilometry show superior performance
when performing inference in the case of Multiresolution [21] and Modified Multiresolution
networks. This is achieved by attenuating the noise present in the images, in addition to
the fact that the loss of object information is lower, as shown in the images in Figure 11.
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Although the evolution of the losses shows a strange behavior in some models during
training, these are taken into account, because an evaluation of their performance is made
not only considering this evolution and the loss achieved by them, but also the quantitative
and visual metrics, with the latter being the most important, since it is intended to generate
an inference as close as possible to the 3D object to be reconstructed.

(a) (b)

(e) (f)
Figure 11. Close-up view of 3D objects after processing with multiple CNNs and object with

quasi/periodic noise. (a) 2D representation of filtered object using UNet model. (b) 2D representation
of filtered object using FCN32s model. (c) 2D representation of filtered object using Multires-CNN
model. (d) 2D representation of filtered object using Modified Multires-CNN model. (e) 2D represen-
tation of object with noise. (f) 2D representation of original object.

The training and validation loss values and training time for each model are shown in
Table 3. It is observed that the training time is a little more than 19 min for the Multires-
CNN model, and a little more than 21 min for the Modified Multires-CNN case; however,
better inferences are produced for the latter model.

Table 3. Training results with proposed convolutional neural network and CNNs for comparison.

Results UNet FCN32s Multires-CNN Modified Multires-CNN
Training Loss 0.171063  0.000709 0.000598 0.001756
Validation Loss 0.194377  0.000271 0.000676 0.001477

Training time (HH:MM:SS) ~ 00:47:26  00:31:52 00:19:31 00:21:26
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After obtaining the inferences with the different trained models, the figures are scaled [31]
in order to obtain a height estimation and perform measurements such as profile analysis,
which allows us to quantify the similarity between the inferences obtained and the original 3D
object. The reconstruction of the 3D object is shown in Figure 12, in which Figure 12d shows a
greater similarity and smoothness in shape, contrary to Figure 12a—c.

3D reconstruction using PSP and UNET 3D reconstruction using PSP and FCN32s

100

200

600 400 600 400
600 500 600 500

(@) (b)
3D reconstruction using PSP and Multiresolution CNN 3D reconstruction using PSP and Modified Multiresolution-CNN

1 1

05

100

200 i 200

600 400 600 400
600 500 600 500
(o) (d)
3D reconstruction using PSP 3D reconstruction of original synthetic object

05

100

200

600 400 600 400
600 500 600 500

(e) (f)
Figure 12. Close-up view of 3D objects after processing with multiple CNNs and objects with quasi-
periodic noise. (a) 3D¢ reconstruction of filtered object using UNet model. (b) 3D reconstruction of
filtered object using FCN32s model. (c) 3D reconstruction of filtered object using Multiresolution-
CNN model. (d) 3D reconstruction of filtered object using Modified Multiresolution-CNN model.
(e) 3D reconstruction of object with noise. (f) 3D reconstruction of original object.
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A profile analysis shows that the inference generated by the proposed network model
approximates the original 3D object, as well as presenting a smoother shape, as shown in
the profiles shown in Figure 13. Also shown are the profiles of the compared CNNSs, the
profile of the original object and the profile contaminated with quasi-periodic noise.

Profile before and after Pre-processing with Multiple CNN's
I

T
08— Profile Original Object M
----------- UNET profile
FCN32s profile
"""" Multiresolution-CNN profile
= = Modified Multiresolution-CNN profile
21— Profile With Moire Noise
e\

5

07

06—

05—

04—

03— —
02— -

0.1

0 ; | | | | | L
100 150 200 250 300 350 400 450

Figure 13. Profile analysis of the inferred objects using CNNSs, the original object, and the object
contaminated with quasi/periodic noise.

The quantitative results are shown in Table 4, and were obtained using the image of
the original 3D object. The measurements were performed using the inferences obtained
by the trained CNNs and cropping those inferences to the smaller size that is obtained
by the UNet Network [22], as shown in Figure 11a, in order to obtain the same regions to
be compared.

Table 4. Quantitative results of the proposed and compared training networks.

CNN PSNR IMMSE SSIM MSE (Profile)
Modified Multiresolution-CNN 16.9822 0.0200 0.8255 0.0307
UNET 10.2171 0.0951 0.6544 0.1360
FCN32s 16.6979 0.0214 0.7725 0.0353
Multiresolution-CNN 16.7512 0.0211 0.8097 0.0338

3.2. Experiment 2: Best Parameters Obtained with the Proposed Convolutional Neural Network
and Applied to the Other CNNs

The parameters used in each convolutional neural network for the second experiment
are shown in Table 2.

The training progress and validation loss shown in the graphs in Figure 14 demonstrate
that the model training is more consistent with what was expected, which means that the
models fit the training set better, generating better inferences than those generated in the
previous experiment.
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» 0.125- 2 0.06-
2 o]
2 E
g) 0.100- S
£ 3 0.04-
= 0.075- g

0.050-

0.02-
0.025- —— UNET
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0.000- —+— Multires-CNN Modified 0.00 -
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs
Figure 14. Evolution of training and validation loss.

The evolution of loss by validation and training of each CNN shows a behavior whereby
the model fits better with the hyperparameters selected as the general ones for the four
models; in addition, it is observed that there is no overtraining or undertraining, and that
the value of the losses tends to reduce, as expected when training a CNN, thus improving
the generated inferences. The graphs in Figure 15 show this evolution for each CNN.

a b
0.20- (a) (b)
0.08-
0.15-
0.06-
& 0.10- 2
©0.10 @
= —0.04-
0.00- ‘ ‘ ‘ ‘ | 0.00- ‘ ‘ ‘ ‘ |
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs
Training Loss
—— Validation Loss
(c) (d)
0.06- 0.10-
0.05-
0.08-
0.04-
) » 0.06-
2 0.03- 8
- ~0.04-
0.02- '
0.01- 0.02
0.00- ] ‘ ‘ ‘ ‘ 0.00- l ‘ ‘ ‘ ‘
0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs

Figure 15. Evolution of training and validation loss for (a) U-Net model, (b) FCN32s model,
(c) Multiresolution-CNN, and (d) Multiresolution-CNN Modified.
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As in the previous experiment, we obtained the generated inferences shown in their 2D
representation, as shown in the images in Figure 16. With the new parameters, a considerable
change is observed in the generated inferences, generating complete objects and better
preserving the information; however, there is still a loss of information in the inferences
generated by the UNet network [22] and FCN32s [23], as shown in Figure 16a,b.

(e) ()

Figure 16. Close-up view of objects after inferences made with multiple convolutional neural networks,

object with quasi/periodic noise and original object. (a) 2D representation of filtered object using UNet
model. (b) 2D representation of filtered object using FCN32s model. (c) 2D representation of filtered
object using Multiresolution-CNN model. (d) 2D representation of filtered object using Modified
Multiresolution-CNN model. (e) 2D representation of object with noise. (f) 2D representation of
original object.

The training and validation loss values, as well as the training time for each model
obtained in this experiment, are shown in Table 5.

Table 5. Training results of proposed network model and comparison network models.

Results UNet FCN32s Multires-CNN Modified Multires-CNN
Training Loss 0.001115 0.000632 0.000162 0.000064
Validation Loss 0.000557  0.000251 0.00008 0.000127

Training time (HH:MM:SS)  00:46:46  00:31:00 00:45:18 00:44:48




Computers 2024, 13, 145

15 of 18

The reconstructions of the 3D objects performed with the inferences obtained from the
application of the trained models show a closer and smoother reconstruction in the case of
the Multiresolution-CNN [21] and Modified Multiresolution-CNN models, as can be seen
in Figure 17.

3D reconstruction using PSP and UNET 3D reconstruction using PSP and FCN32s

05 05

100 100

200 | i 200

600 400 600 400
600 500 600 500
() (b)
3D reconstruction using PSP and Multiresolution CNN 3D reconstruction using PSP and Modified Multiresolution-CNN

1 1

05

100 100

200 | 200

600 400 600 400
600 500 600 500
(o) (d)
3D reconstruction using PSP 3D reconstruction using PSP

05

100

200

600 400 600 400
600 500 500 500

(e) ()

Figure 17. Close-up view of 3D objects after inferences made with multiple convolutional neural
networks, object with quasi/periodic noise and original object. (a) 3D reconstruction of filtered object
using UNet model. (b) 3D reconstruction of filtered object using FCN32s model. (c) 3D reconstruction
of filtered object using Multiresolution-CNN model. (d) 3D reconstruction of filtered object using
Modified Multiresolution-CNN model. (e) 3D reconstruction of object with noise. (f) 3D reconstruction
of original object.
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A profile analysis performed shows the smoothness formed by the inference generated
by the proposed trained model, as shown in Figure 18.

. T
Profile Original Object
---------- UNET profile
FCNB32s profile
++ Multiresolution-CNN profile
Nl Modified Multiresolution-CNN profile |

— Profile With Moire Noise
S

Profile before and after Pre-processing with Multiple CNN’s
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100

150
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Figure 18. Profile analysis of the inferred objects using CNNSs, original object and object contaminated
with quasi/periodic noise.

The metrics obtained in this experiment with equal parameters in the selected CNN
models and the proposed CNN model are shown in Table 6.

Table 6. Training results of proposed CNN model and comparison CNN models.

CNN PSNR IMMSE SSIM MSE (Profile)
Modified Multiresolution-CNN 16.9878 0.0200 0.8245 0.0304
UNET 17.7704 0.0167 0.8086 0.0236
FCN32s 16.9770 0.0201 0.8115 0.0315
Multiresolution-CNN 16.8422 0.0207 0.8226 0.0313

4. Conclusions

It can be observed from the 3D reconstructions of the object shown in Figure 12, as an
example, and which is similar to the human face, that the inference made by the proposed
Modified Multiresolution-CNN in experiment 1 is closer to the original object, changing the
size of the image to be processed for the model trained and the change to accept a grayscale
image. Besides attenuating the quasi/periodic noise present better than the other networks
used as a comparison, it is able to better preserve the details of the objects and the whole
object. Although it obtained a lower performance in the similarity index metric (SSIM)
with the original object, the lower errors obtained both the mean error (IMMSE) of the
compared images and the mean error of profile (MSE(Profile)), these indices indicate that
the object is more similar to the original object; in addition, the profile analysis shows an
inference of the object smoother and closer to the profile of the original 3D object. All this is
by performing the training with the best parameters for each CNN model according to how
they were originally proposed, and with small changes in order to adapt them to attenuate
noise in images. On the other hand, observing the training evolution, it is concluded that
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the models learn to correctly infer images in the case of the proposed network model and
the network model on which it was based, because it produces low training and validation
loss values close to what is expected, and can be seen in the graphs, which shows that the
ability to erroneously infer 3D objects with the training set provided is low, so that the
models fit well to the training.

In experiment 2, the same parameters were used to perform the training in order to
equalize conditions; the quantitative results were not favorable in the developed Modified
Multiresolution-CNN model; however, it can be observed visually that the inferred object
is still superior to the other models, and that even two of the compared models lose
object information.

Finally, it is concluded that the lack of data used as a ground truth was not a problem,
because was developed an algorithm [25] that preprocesses the images with quasi/periodic
noise, and allow us to create a complete database, with sources and ground truth, to train
the CNN models. Also, using existing models in the literature for image processing, it
is possible to use them as pre-processing of images for 3D object reconstruction from
synthetically created images [24], and with a reduced number of them which, however, was
not an impediment to perform the training, achieving the objective of attenuating the noise
produced during the acquisition of images for reconstruction. Another point to highlight is
the time taken for the training of the models being very low in the case of the model that
was used as a base and the proposed one producing very similar inferences visually with
the real object to be reconstructed, thus this objective was successfully achieved.
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