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AbstractAlthough new coating development for improved surface protection is necessary, its manual application
has been a difficult problem to solve. In this study, a convolution neural network (CNN) was used for prediction of the
painting gun operation. Painting videos were converted to sequential images, of which two consecutive images were
associated with the gun position in the next time step. The inputs were implemented in a regression CNN training,
which was used to calculate the position of the spray gun at the next moment. Recursive image utilization provides the
prediction of spray gun movement in real-time applications. The statistical measures of the prediction and true values
of gun movement using test data indicate that the proposed CNN gives comparable outcomes to similar applications of
the CNN. The exhibition of simulated painting of a rectangle and a semicircle demonstrates the usefulness of the pro-
posed CNN application for spray gun painting.
Keywords: Surface Coating, Paint Application, Convolution Neural Network, Motion Prediction

INTRODUCTION

The harsh occupational environment in industrial painting is
harmful to human laborers [1,2]. As a result, predetermined paint-
ing processes handling fixed-sized applications, such as automotive
and airplane parts, have been replaced with painting robots [3].
However, many places, including shipbuilding and large machin-
ery assembly, require more flexible operation than can be provided
by common machine painters because of the wide variation in the
shape and size of painted objects. Autonomous robots are partially
able to take over from human painters when human skills and ex-
perience are successfully transferred to the robots through deep
learning technology [4]. Combining technologies of image collec-
tion and image processing with deep learning provides operational
information for the robots in many applications. Crop detection [5]
and waste classification [4] are good examples of industrial appli-
cations of connected technologies. This technology has also been
utilized in medical diagnoses using images of patient diagnosis equip-
ment [6-8].

One of the deep learning technologies, the convolution neural
network (CNN), extracts features from images using a network
trained with large sets of relevant images [9]. The image processing
technique has been applied to chemical process development [10,
11]. The detected features have been analyzed for various applica-
tions, including facial recognition [12], crop detection [13,14], obsta-
cle detection for unmanned aerial vehicles [15,16], forest classification

for chemical leak tracking [17], finding an optimal condition in anti-
oxidant fermentation [18], quantum computing in chemical engi-
neering [19], nanofiltration design [20], metal-removal performance
prediction [21], performance prediction in mass-transfer [22], and
visual positioning [23,24]. While the existing applications of image
processing with the CNN have used the computational results of
the current state only, a predictive computation is available when the
information of one step ahead is supplied to the CNN training. This
one-step ahead prediction describes how spray gun is manipulated.

In this study, sequential images of gun movement in spray paint-
ing were used in the convolution neural network (CNN) prediction
of the gun movement. One-step-ahead information of the 2D-loca-
tion of the gun was utilized in the training of the vertically connected
images of the present and one-step-before. The predictive compu-
tation of the gun position using the images and trained network
was successively continued until the end of the painting operation.
The performance was compared to the applications of regression
CNN and demonstrated in simulated painting of a rectangle and a
semicircle. The contributions of this study can be summarized as
follows: (i) The regression CNN was implemented for motion pre-
diction in paint coating; (ii) Connected sequential images were used
for the motion prediction; (iii) Performance of the motion predic-
tion was compared to other image regressions with the CNN.

METHODS

Automated manipulation of a spray gun requires its motion pre-
diction, and the procedure is explained below.
1. Motion Prediction

Spray painting on a plain surface involves relatively simple move-
ment of the spray gun holding paint. The coating has been devel-
oped for the improved protection of applied surface [25,26] and
environmental atmosphere [27]. Mostly, the gun maintains a con-
stant distance from the surface while spraying paint perpendicu-

Electronic supplementary material The online version of this arti-
cle (https://doi.org/10.1007/s11814-023-1452-9) contains supplemen-
tary material, which is available to authorized users.
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larly. It travels horizontally from one end of the surface to the other
and moves vertically to begin the next line of spraying in the reverse
direction of horizontal travel. The spraying pattern is maintained
for a plain vertical surface, but the structural shape and dimensions
of the painted surface are arbitrary. The movements of the spray-
ing gun for various painting processes can be traced from sequen-
tial images sampled from a practical painting video at a constant
sampling time. The spray technique was utilized in various thin film
development [28,29].

A series of gun movements is described as

(1)

where Lk is the location of the gun at moment k, and the predicted
location  is obtained from the CNN prediction. The gun move-
ments are sequentially connected for a painting job, in which the
movement prediction at moment k is related to the precedent gun
locations at the moments of k, k1, and so on. A brief description
of the CNN training and prediction of the gun location with time
sequence is shown in Fig. 1. Because image inputs are implemented
in the CNN for the prediction of gun location at moment k+1, a
minimum number of images was used in this study. Two images
at moments k1 and k were vertically connected and used as the
input to the CNN. Examples of the connected images are demon-
strated in Fig. 2. Two 3-channel images are vertically arranged. The
training of the CNN model utilized three consecutive images, of
which the first two were applied to predict the motion of the spray
gun. The prediction was validated with the motion calculated be-
tween the second and third images, which were provided in the
training process for the deep learning model. In the calculation of

Lk   L̃k1  Lk

L̃k1

Fig. 1. Description of data flow in the CNN training and spray gun
location prediction. Images are vertically connected, and k
denotes temporal step in sequence.

Fig. 2. Input images of spray gun painting, sets of two consecutive images; (a) and (b): industrial rotary kiln, (c), (d), and (e): wall painting.

gun movement used in the training, the tip of the paint gun was
located with manually added green squares for accurate evaluation,
as explained in the section on Data Sets and Preprocessing. When
the trained model was ready, any two consecutive images predicted
the gun motion at the next sequence, which was repeated until the
intended painting was concluded. Although the images used in the
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training process differed from any prospective painting job, train-
ing with many practical paintings of different objects provided a
useful process training for spray gun manipulation, as demonstrated
in the three examples of demonstration provided in the Support-
ing Materials.

The images extracted from the original painting videos were
processed by manual addition of very small green squares at the
spray gun tip; the processing code and images are included in the
Supporting Materials. The added green squares indicate the tip of
the gun, where the paint is sprayed and applied to the object sur-
face. Practical spray painting requires a perpendicular paint spray
on the surface to ensure a clean painted surface and minimum loss
of paint. Continuous painting is required for the best performance.
The trajectories of the spray gun tip were scanned using green
squares, and their speed was determined from the trajectories be-
cause the images were extracted at 24 frames per second. The time
frame between the extracted images was constant at the video frame
speed. As illustrated in Fig. 2, two videos were obtained from dif-
ferent painting jobs. A wide variety of videos are necessary for the
model training. Although the painting images taken from the vid-
eos were sequential, the training process uses randomly shuffled
training images for better performance, as in other studies [30].
2. Convolution Neural Network

The convolution operation is widely used in image processing,
where the 2D matrix representing the image is convolved with a
smaller 2D kernel matrix [13]. The CNN is composed of three lay-
ers: a filter bank layer, non-linearity layer, and feature pooling layer
[31]. The filter bank layer includes many hidden layers, and each
layer is connected to the adjacent layers. All the cells in a layer and

Fig. 3. Architecture of the proposed convolution neural network.
Fig. 4. Image of spray gun painting with a manually inserted green

mark at the gun tip.

those of one of the adjacent layers are linearly connected with the
parameters. An RGB image input is a 3D array with 2D feature maps
of the three channels. A trainable kernel (filter) kij in the filter bank
connects the input feature map xi to the output feature map yi [31].

(2)

where * is the 2D discrete convolution operator and bj is a train-
able bias parameter.

Non-linearity layers include a batch normalization layer [32] and
a rectified linear unit layer [33]. The normalized activation is cal-
culated as follows:

(3)

where B is the mean, B
2 is the variance, and  is a stability con-

stant. The normalized value is obtained from an offset and a scale
factor and two learnable parameters, as follows:

(4)

The feature pooling layers are dropout [34], fully connected [35],
and regression layers [36]. The structure of the CNN with detailed
information of filter size and number, stride and padding sizes, and
output derivation is shown in Fig. 3.

DEVELOPMENT

The detail of the motion prediction from a set of consecutive
images using a trained CNN model was explained as follows.
1. Data Sets and Preprocessing

Two painting videos were used to extract still color images of size
960×540 pixels. Fig. 4 illustrates an example image with a small
green square for gun position detection. The square was manually
added, as explained below. Note that a set of two consecutive orig-
inal images is connected, as shown in Fig. 2, and implemented in
the CNN application. As explained in Fig. 1, gun location associ-
ated with each connected images was supplied to the CNN train-
ing, and the trained model was used to calculate a regression output.
The manual positioning of green square was only applied for the
model training. In the prediction of the gun movement, the man-
ual procedure was not necessary.

For gun position detection, a small green square was manually

yi   bj   ikij * xi

x


  
xi   B

B
2

   

-----------------

yi   x̂


 +  
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added to the gun tip. Locating solely the gun tip without the green
mark was difficult using an image recognition tool, when it was
searched in the original image. The RGB image was split to 3-color
images, and the red image was subtracted from the green image to
segregate the green mark only. The green image was used locating
the mark. The movement of the spray gun was computed from the
location of the gun tip. The location associated with the CNN input
images (Fig. 2) was used to compute the predicted gun position
using Eq. (1). The gun movement in the horizontal and vertical
directions was the true value of the outputs in the CNN training.
Data used in this project are provided in the Supporting Materials
including videos used in training the CNN model, the images ex-
tracted from the videos, images with small green squares added
images to detect the tip of the spray gun, python code to place the
green squares, python code to locate the position of the tip of the
spray gun, MATLAB code was used to train the CNN model, MAT-
LAB data on the trained model, MATLAB code for the virtual paint-
ing, and three example painting videos.

The connected input images were randomized, and 20% were
reserved as the test set, with the rest used in training. Note that the
predicted gun movement calculated using Eq. (1) was associated
with the images and was simultaneously randomized. The training
data were randomized, and ten-fold cross validation was applied
to improve network performance [30]. The randomized data were
separated into ten groups: one sequentially selected group among
the ten was used for validation, and the nine others were imple-
mented in the training. After every 20 epochs of training and vali-
dation, the training data were randomized again, and the training
and validation were continued until the root mean square error
(RMSE) was stabilized.
2. Implementation Details

The input images were vertically connected 3-channel RGB
images, and their sizes were determined considering the available
size of the PC RAM memory. The network was trained and tested
using MATLAB ver. 2019a. The training of the proposed CNN was
conducted for 100 epochs with a randomized training dataset of
training and validation sets in a ratio of 9 to 1, as suggested by the
ten-fold cross validation [30] for improved performance. An input
set of 2,458 and 273 images for training and validation, respectively,

was used, and 682 images were separately implemented for test-
ing. Randomized datasets were applied in alternate epochs. The
detailed training parameters are listed in Table 1, and the CNN
structure is shown in Fig. 3. The structure includes six CNNs, three
average poolings, and 10% dropout to reduce overfitting. The spray-
ing gun movement in the painting was classified in the horizontal
and vertical directions, requiring two fully connected layers for the
two output regressions.

The network parameters were updated to minimize the loss func-
tion of the half-mean-squared-error of the predicted responses using
a standard gradient descent algorithm with a momentum of 0.9.
The optimization led to the direction of the negative gradient of
the loss at a given learning rate. After the training was completed,
the reserved test set of data was supplied to predict two output val-
ues for the horizontal and vertical motion of the spray gun using
the trained network. When a painting job is assigned, the painting
boundary is predetermined, and the painter follows the boundary
limit. The initial position of the spray gun is established for the
beginning of the procedure, usually at the top-left corner, and the
first motion is a small horizontal movement in the right-hand direc-
tion. The first two images provide the first input image to the trained
CNN model, which predicts horizontal and vertical movements.
These two movements are performed until the horizontal position
reaches the predetermined boundary, where the horizontal move-
ment continues in the reverse direction with the predicted horizon-
tal and vertical movements. A boundary restriction is applied to
satisfy the target shape of the painting project. The painting pro-
cess simulates the realistic operation of a spray gun by a human
worker, as shown in the demonstration videos used to train the
model. The simulation terminates when the vertical position reaches
the bottom boundary of the assigned project. This restriction is
applied at the boundaries of the target painting shape.

RESULTS AND DISCUSSION

The proposed procedure of the motion prediction of a spray
painting gun was practically demonstrated, and its performance
was compared to other image processing techniques utilizing the
CNN in various fields of studies.
1. Performance Evaluation

Five example input images are shown in Fig. 2; the first two are
of surface painting on an industrial rotary kiln, and the others are
a demonstration of wall painting. The prediction performance of
the proposed CNN was verified by applying a test set of data to the
trained network. Fig. 5 shows the comparison between the actual
movement and predicted movements in the horizontal and verti-
cal directions. The actual movement was derived from the gun loca-
tion detection a step forward to the connected inputs. The sequences
are explained in Fig. 1. The movement was measured in pixel units,
and the input images were 960×1080 pixels. The correlation coef-
ficients between the actual and predicted values, shown in Fig. 5,
were 0.935 and 0.961 for the horizontal and vertical directions,
respectively. Because the actual movement in practical spray paint-
ing was greater than 10 pixels in 960×1080 pixel images in many
cases, the limited cases in Fig. 5 were larger in actual movements.
Increasing the limit improves the prediction accuracy at the limits,

Table 1. Parameters in training of the proposed convolution neural
network

Name Value
Learning rate drop factor 0.1
Learning drop period 20
Validation frequency 22
Shuffle Every epoch
Learn rate schedule Piecewise
Learn drop period 20
Initial learning rate 0.0001
Total epochs 100
Mini batch size 64
Solver sgdm
Momentum 0.9
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but a large predicted movement may induce erroneous painting in
practical implementations. Therefore, this limit was set in the pres-
ent study. The actual movement was counted using discrete pixel
numbers. Although the accuracy could be increased by applying a
continuous actual value in the training process and in movement
prediction, the image processing used in this study was limited to
pixel-based analysis. Therefore, discrete counts of movement were

Fig. 5. Comparison of actual and predicted movements in horizon-
tal and vertical directions, (a) horizontal, (b) vertical.

Table 2. Performance comparison in various applications of regression CNNs
Input type Image size Training number Output Corr. coef. Coef. det. Ref.

Simulated image 227×227×3 2,400 1 0.988 [39]
Numeric data 12×7 5,154 1 0.863 [40]
Numeric data 40×40 0,106 1 0.858 [41]
Numeric data 35×35 0,106 1 0.703 [41]
Image 512×512 0,250 1 0.840 [42]
Image 180×90 4,380 1 0.860 [43]
Image 2,220×2,220 2,856 1 0.822 [44]
Image 960×1,080×3 2,731 2 0.935 0.835 This study

0.961 0.895

used in the training process and in motion prediction. Because the
output prediction using a regression CNN for the connected image
input has not yet been reported, the outcome of this study was not
directly evaluated with published reports in comparison.

Although feature detection and classification from images have
been reported in many studies [37,38], the application of regression
CNN to the images is uncommon due to difficult quantification
of the feature. The performance of this study was also evaluated
with results of regression CNN in other applications. In the predic-
tion of athlete ground reaction forces and moments, locations of
eight labeled markers were supplied to spatio-temporal driven
CNNs. The actual ground reaction forces and moments were com-
puted from high-speed video camera vision of sensors attached on
an athlete. The measured and predicted values with a trained CNN
regression model were compared with the results of correlation
coefficients between 0.973 and 0.988 for mean forces and between
0.941 and 0.972 for mean moments [39]. While eight markers were
used in the simulated images of the study, the current study accom-
modated one non-distinctive marker, the spray gun, which explained
the lower coefficients in this study.

In another study, a sequential organ failure assessment was con-
ducted using seven vital signs for 12 time intervals as the input set
of data to the regression CNN [40]. The predicted failure assess-
ment with a trained CNN model data imputation using the princi-
pal component analysis (PCA) method was compared to the actual
failure assessment from real diagnostic evaluation with the full vital
signals, and the correlation coefficient was 0.863, which was lower
than that in this study. A summary of the CNN outlines and per-
formance indices in comparison with the regression CNN studies
is listed in Table 2.

The coefficients of determination between the actual and pre-
dicted values of this study were 0.835 and 0.895 for the horizontal
and vertical directions, respectively. Measurements using electronic
equipment and color features were converted to single channel
input to the regression CNN, and the total soluble solid content
and water content in oranges were estimated with help of a CNN
model composed of measured results of spectrometer, machine
vision, and e-nose [41]. The predicted values were compared to
actual measurements of the contents, resulting in coefficients of
determination of 0.858 and 0.703 for the total soluble solid content
and water content, respectively. Although there are differences in
input type, size, and training number for different applications, the
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compared indices indicate that the performance of the proposed
CNN in the current study is comparable to that of previous stud-
ies. Note that numeric data were input to the CNN in the study
and this study used image input.

As an image-used CNN application, a biomarker, chest computed
tomography (CT) score, for COVID-19 pneumonia diagnosis was
computed from the chest CT scan images and a CNN trained model,
and the predicted scores were compared to the scores determined
by experienced radiologists [42]. Those compared results showed
a correlation coefficient of 0.84. In other image-processed CNN
applications, the daily precipitation observed with rain gauges was
compared to the estimates from four satellite precipitation products
(SPPs) using a combined model of the geographically weighted
regression and long short-term memory network, similar to the
CNN [43], and the prediction had a correlation coefficient of 0.86.
A mine rehabilitation was assessed with airborne 2D LiDAR images
[44]. The prediction of rehabilitation surface status using the con-
tinuous surface data was derived from the classification of 2D
LiDAR plots, and trained with the support vector machine algo-
rithm and CNN. The comparison of the prediction with ground-
truth plot data resulted in a goodness having a correlation coeffi-
cient of 0.822. As summarized in Table 2, the performance index
comparison between the predicted and actual values indicates that
the proposed procedure of this study showed mostly better perfor-
mance than various other applications of the CNN in image and
image-like data processing.
2. Discussion

For further performance examination, a simulated painting was
conducted using the trained CNN in this study. Because spray gun
movement was directly related to the painted outcome, the draw-
ing of the gun movement was depicted as a picture. Two drawings,
a rectangle and a semicircle, were sequentially drafted using the
regression output of the CNN. The bounds of the pictures were sup-
plied to the drawing program. The initial two pictures were manu-
ally assigned to the program to generate the first input image, a set
of two consecutive images, which was supplied to the CNN to
predict the gun movements in the horizontal and vertical direc-
tions. Using the prediction, the next image was drawn up, and the
last single image of the current connected image and the newly
drawn image were combined for the computation of the next gun
movement. The prediction sequences are shown in Fig. 1. The com-
puted gun position was supplied for a continuous picture drawing.
Examples of the two test drawings of a rectangle and a semicircle are
displayed in Fig. 6. Each of them has two consecutive images in
the painting process showing the horizontal progress of painting.
A motion prediction for painting a triangle is presented in Fig. 6(c),
and the video images of the three example paintings and other neces-
sary materials are provided in the Supporting Materials. The con-
secutive painting of the three designated shapes demonstrates how
the proposed procedure was applied in practical spray painting.
The video demonstrates the practical application of the proposed
CNN model and the associated procedure for clarity. The resulting
motion of the spray gun is demonstrated in the videos provided in
the Supporting Materials. Although the painted boundaries were
irregular and unfinished areas were found in the final image, the
gun motion in the horizontal and vertical directions showed how

the CNN model managed the gun movement for the given shape.
The process of the three example shape drawings was not used in
the training of the CNN. When a similar process of simple shape
drawings is additionally applied to the training, the performance of
the drawing can be improved.

In recent studies on image processing, convolution neural net-
works (CNN) are among the most widely used models [45-50].
Although we compared the performance of image processing meth-
ods provided in other studies using CNNs (Table 2), these applica-
tions differed considerably in terms of the preparation of input
images and the dimensionality of the regression results. As listed
in Table 2, two-dimensional regression was the only result among
the studies. While other studies analyzed individual images, the
regression approach considered in this work utilized two consecu-
tive images to predict one step ahead. Therefore, the CNN model
provided two consecutive images results in advance, which were
not presented previously. To evaluate the performance of the pro-
posed approach, the training procedures of the CNN model were
applied in different training, and the results for motion prediction
are shown for comparison in Table 3. This comparison led to the
working CNN model used in example paintings shown the best.

The gun movement prediction in this study was based on human
experience connected with the CNN. For non-flat target surface
applications, the distance between the gun tip and the target should
be maintained constant, as suggested by practical painting skills. In
the prediction of gun movement, two consecutive images of the
current and previous moments were used, but using three or more
consecutive images may provide a more accurate prediction. This
would require more training time and a larger computing facility
equipped with more RAM capacity and faster GPU devices. How-

Fig. 6. Simulated painting using the pattern of motion predicted by
the proposed CNN. Two consecutive images indicate the hor-
izontal movement of the spray gun. The subfigures show (a)
rectangle, (b) semicircle, and (c) triangle shapes.
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ever, the use of the trained network computing gun movement in
applications is not affected by the extended input application because
of the same size of the trained network.

Many medical applications of CNN [6,7,42,51-54] have utilized
image inputs of X-ray, CT scanning, and MRI inspections, but those
studies limited their results to diagnostic purposes. The prediction
with connected consecutive images of this study can be extended
to medical applications for the purpose of prognosis. The limita-
tion of available images and differences in the treatment of patients
may cause a problem in the direct application of the prediction. Ano-
nymizing medical records for large training data and modifying
the CNN training by adding treatment modification as training
input may solve the problems in the prediction. Although a self-
driving system requires various information of road condition, lane
following, speed and location of adjacent vehicles, expected turn
requirement, speed limits, sudden change of situation, and avoid-
ing accident, the proposed technique of motion prediction using
consecutive, most recent images can provide a resilient driving
prediction in automobile application. Most prior works on appli-
cations of CNN regression focused on processing single images or
combinations of single images, in contrast to the present work,
which focuses on using two sequential images. Moreover, previ-
ous works did not consider the prediction of the movement of the
spray gun at the next step using deep learning. Using three con-
secutive images, the first two were combined as an input image for
the CNN model, and the latter two images provided two regres-
sion outputs for the training process, including horizontal and ver-
tical movements. With sufficient training of randomized image data,
the trained CNN was able to predict the movement of the gun
when two consecutive images with the same frame speed were used
as input. Because motion prediction from images has not been
studied in previous works, no prior methods were available with
which to compare the performance of the proposed approach. An
analysis of automobile driving can be conducted as a prospective
application of this study; however, the scope of this application
exceeds that of the present work. Given the comparison of the per-
formance with other CNN applications of image processing in Table
2, the complexity and development impact of the proposed approach
may be considered more advanced than those of existing methods.

Most CNN applications in image processing apply a single-image
input for network training, but the motion prediction in this study,
which is dynamic motion prediction, was difficult using single
images because of the less accurate prediction of the gun motion.
When two consecutive images of gun movement were applied in
the network training, the prediction was more accurate than that

of the single image application. Comparing two consecutive images
provides precise movement data, which leads to better prediction
in the next sequence. However, processing a single image does not
yield any current movement information, and its next-moment
prediction is even more difficult. To examine the narrative, the model
training results of a single image and two consecutive image pro-
cessing were investigated with their prediction performance using
the proposed CNN network of this study. Table 4 compares the
performances using different images. and single image processing
yields non-comparable outcomes, as indicated by the limitations
above. The correlation coefficients and coefficients of determina-
tion were computed from the gun movement in the training images
used in the CNN model. The values of CNN prediction and actual
movement in the horizontal and vertical directions were correlated
for single- and two-image inputs to the CNN training and predic-
tion. The application of the two consecutive images clearly demon-
strated its effectiveness. The proposed two-image CNN model ap-
plication was useful for the dynamic prediction of any moving pro-
cess, such as spray-gun painting.

As augmented reality provides the chemical process engineers
with an overview of the ageing state of the critical equipment during
their inspection [55], the proposed image-processing procedure can
provide predictive information of possible equipment ageing and
fault detection. A collected image database of chemical plant fault
detection and equipment failure is a useful source of an application
of the proposed image-processing technique.

CONCLUSION

Two consecutive painting images were used to predict the manip-
ulation of a spray gun using a regression CNN. Two sequential
images of practical painting were iteratively connected and supplied
to the CNN for training. The gun location in the training images
was obtained from a manually labelled gun tip. Using two sequen-
tial images, the next gun movement was predicted using the trained
CNN. The performance of gun movement prediction was com-
pared to similar regression CNN applications, leading to compara-
ble results in terms of the correlation coefficient and coefficient of
determination between the measured and predicted values. Two
simulated painting video demonstrations using bounded rectan-
gles and semicircles showed that the gun operation predicted with
the proposed regression CNN is viable for implementation in auton-
omous robot painters. Overall, it was proved that the connected
image inputs effectively provided a one-step next movement with-
out additional data processing using a regression CNN that could
be utilized in other applications, such as chemical process hazard
diagnosis, automobile self-driving, and medical prognosis.

Table 3. Comparison of prediction accuracy with different training
cycles

Training
cycles

Correlation coefficient
Horizontal motion Vertical motion

15 0.926 0.961
22 0.905 0.960
36 0.934 0.957
37 0.935 0.961

Table 4. Regression performance with single and consecutive two-
image inputs for CNN network training

Input type
Corr. coef. Coef. det.

Horizontal Vertical Horizontal Vertical
Single image 0.426 0.614 0.083 0.353
Two images 0.935 0.961 0.835 0.895
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