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Preface 

The pandemic "Corona" has put us this year before a difficult time. With care we have 
kept to the hygiene rules not to get an infection with the virus Covid-19. With mask 
we have got into coaches and trains, have made our purchases or on work worked. 
Home office was the catchword of these days. The universities and research facilities 
have maintained only a small emergency company and lectures were held as online 
lectures. From home we have tried to do our scientific works. In 1-to-1 telephone 
calls or phone conferences we have organized with our colleagues the work and have 
discussed important results of the research. Under it the efficiency suffers what is 
easy to understand. 

In the beginning of the pandemic fell the deadline of our conference. Insecurity 
spread. The figures of the infected persons increased rapidly. The virus spreads out in 
more and more countries and was further carried by continent to continent. Soon 
stood the whole world in the spell of Corona. A conference was the last to this in this 
situation most thought. 

In this situation appeared once again which high demands for a scientist are made. 
It belongs to the job of a scientist that he presents his scientific results in conferences 
and makes thus his results of a wide public immediately available. A scientist should 
have well organized his research, should be able to do his scientific tasks and duties in 
a flexible way, and should have financed his research with suitable financial means. 
Only those who were meeting these rules could successfully continue in their profes-
sional research work. 

The best of the best of us are represented with their papers in this volume. They 
presented themselves personal or in online presentations in the conference. The ac-
ceptance rate for the submitted paper of our conference was 33% percent. Because of 
many refusals because of missing financial means or other reasons the acceptance rate 
decreased to few percent. This shows once more the excellent quality of these scien-
tists. Their papers are of most excellent quality and expand the state-of-the-art in an 
excellent way. They follow main topics of MDA and show that MDA is an excellent 
platform for this kind of research and that MDA has established many important top-
ics.  
  The proceedings will be freely accessible as an OPEN-ACCESS Proceedings of a 
wide public so that, the new acquired knowledge on the different subjects is able to 
spread around quickly worldwide. You can find the proceedings at http://www.ibai-
publishing.org/html/proceeding2020.php. 

In this time, flexibility was a must Because the situation in the USA was still diffi-
cult, we have moved the conference to Amsterdam in the Netherlands. Here a variety 
of the participants was able to do outward journeys. The ones who could not travel, 
were online present.  
  The 15th International Conference on Mass Data Analysis of Signals and Images in 
Artificial Intelligence and Pattern Recognition with Applications in Medicine, r/g/b 
Biotechnology, Food Industries and Dietetics, Biometry and Security, and Agriculture 
MDA-AI&PR 2020 held in July in Amsterdam The Netherlands. The conference 
showed once more that the event is a must for all specialists from research and indus-



try alike who like to stay informed about hot new topics in mass data analysis of sig-
nals and images.  

The topics range of MDA from work how to handle color transfer for images, a 
method for automatic decision about the diagnosis rules of patient that suffer mental 
or physical disorder, to Internet-of-Things solutions with multi-sensor fusion and 
signal-image encoding for secure data transfer.  

The first paper follows the path of color processing and handling in MDA. It ex-
pands this topic by color transfer for images with different image characteristics. 

The second paper follows the path of automatic diagnosis planning learning for di-
agnosis a patient disease established in MDA. It expands the state of the art of former 
papers presented in MDA-AI&PR.  

The third paper follows the path of IoT solutions with signal and image devices 
and how to do the transfer is efficient way. 

All three papers show the progress for important topics in Mass Data Handling and 
Analysis of Signal and Images MDA-AI&PR. 

Selected revised papers of this conference as well as contributed papers will be 
published in the October issue of the International Journal Transaction on Mass Data 
Analysis of Signals and Images (www.ibai-publishing.org). 

The 16th conference will be held in 2021 in New York again (www.mda-
signals.de) under the auspices of the World Congress Frontiers on Intelligent Data 
Analysis DSA 2021 (www.worldcongressdsa.com). 
We would warmly invite you with pleasure to contribute to this conference. Please 
come and join us. We are awaiting you. 

July, 2020 Prof. Dr. Petra Perner 
Chair of the Conference MDA 

http://www.ibai-publishing.org/
http://www.worldcongressdsa.com/
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Example Based Image Color Transfer 

Hwei Jen Lin1, Yoshimasa Tokuyama2, Fu-Wen Yang3, and Ken Chen4 

1, 4 Tamkang University, New Taipei City, Taiwan 
2Tokyo Polytechnic University, Tokyo, Japan 

3Minnan Normal University, Fujian, China 

086204@mail.tku.edu.tw 

Abstract. This paper proposes a flexible example-based color transfer system, 
providing an automatic mode and an advanced mode, for novices and expert us-
ers, respectively. The experimental results show that the proposed color transfer 
system not only can introduce natural results with simple operation by novices in 
the first use, but also can produce various desired results by users with short-term 
learning. 

Keywords: Color Transfer, Histogram Segmentation, K-Means, Palette, Color 
Matching, Artifact Suppression. 

1 Introduction 

Color transfer methods can be classified into two categories: global one and local one, 
depending on if the global or the local features are according to transfer colors.  

Reinhard et al. [1] first proposed a global color transfer algorithm that transfer the 
colors of the source image to match the global features of the reference image. Neu-
mann et al. [2] proposed a color style transfer method based on matching hue, lumi-
nance and saturation, and applied different histogram transformations. Senanayake et 
al. [3] proposed a feature-based registration method to align color histograms, which is 
robust to large changes in the sizes of objects in the scene. Huang et al. [4] and Chen et 
al. [5] proposed improved versions of Reinhard’s method [1]. Both aim to avoid over 
color transferring. 

A general problem with global color transfer approaches is that if there is a vast 
difference between the source image and reference image in color or structure, it might 
yield unnatural transferred results with colors not existing in each image. Therefore, 
most studies are based on local color transfer. 

To overcome the drawback of global color transfer various methods of local color 
transfer have been proposed [6-13]. Abadpour et al. [6] proposed a fuzzy principal com-
ponent analysis-based color transfer method, which completes the transformation based 
on a set of corresponding regions in image along with a blending ratio parameter set 
selected by the user. Tai et al. [7] proposed a local color transfer technique to impose 
both spatial and color smoothness to infer natural connectivity among pixels. Huo et al. 
[8] and Qian et al. [9] used fuzzy clustering algorithms to calculate the membership of



each pixel for all cluster to perform color transfer, both of which can avoid artifacts. 
Yang et al. [10] provided an interactive tool that segments the region in the source 
image indicated by the user and performs color transfer on the region only. Hristova et 
al. [11] made it possible to carry out local color transfer between pairs of images with 
various style features based on light and colors by a parametric color transfer method 
and a local chromatic adaptation transform. Panetta et al. [12] proposed color transfer 
algorithm for still images and image sequences. These methods can be used to capture 
the artistic ambience or “mood” of the source image and transfer that same color ambi-
ence to the target image. Wu et al. [13] proposed a content-based method for transfer-
ring the color patterns between images, which utilized subject area detection and sur-
face layout recovery to minimize user effort and generate accurate results. 

In recent years, many machine learning techniques for color transfer [14] have been 
proposed and shown good performances.  

Luan et al. [14] proposed a deep-learning approach to photographic style transfer 
that handles a large variety of image content while faithfully transferring the reference 
style. 

In general, machine learning based color transfer methods could produce convincing 
results, but they require high computation costs, and thus are not suitable for the real 
time systems. This paper presents a flexible color transfer system that provides two 
operating modes, an automatic-mode and an advanced mode, for novices and expert 
users, respectively. The former facilitates beginners to perform color transfer operations 
easily, and the latter provides more details for transfer effect.

The rest of the paper is organized as follows. Section 2 describes the proposed ap-
proaches, including histogram segmentation, swatch matching, and color transfer. Sec-
tion 3 illustrates our color transfer system. We show some experimental results in Sec-
tion 4. Section 5 concludes the paper and provides directions for future research. 

2 Our approach 

The proposed color transfer system consists of three steps: color palette construction, 
color palette matching, and color transfer. 

First, the color palettes for the source image and the reference image are generated, 
the colors in the two palettes are then matched, and finally, the color information in the 
reference image is transferred to the source image according to the palettes matching 
result. 

In this section, we describe the tree steps work in detail, and some additional options 
equipped in the system are also introduced. 

2.1 Segmentation of the Image by Color 

Many methods for constructing color palettes have been proposed, most of which are 
based on a clustering algorithm. We propose a variation version of the Automatic Color 
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Palette Algorithm (ACoPA) proposed by J. Delon et al. [15] followed by a k-means 
clustering algorithm to form Color palettes. 

2.1.1 Histogram segmentation 
Delon et al. [15] proposed the Fine to Coarse (FTC) segmentation algorithm, sequen-
tially segmenting the colors of an image on the three channels in the HSI color space. 
Firstly, the bins at minima in the histogram for a channel are considered as the cutting 
points for an initial niggling segmentation, and then a post-processing is performed to 
make the segmentation more compact by checking each of the divided intervals. If an 
interval is retaining it if it is considered as unimodal; otherwise, it is merged with an 
adjacent interval. However, this post-processing involves an operation of binomial dis-
tribution, which is very time-consuming, especially when the image is large and there 
are many intervals. We modify the FTC algorithm and proposed a more efficient one, 
called MFTC (Modified FTC). Let 𝐻𝐻 = {ℎ(𝑣𝑣) | 1 ≤ 𝑣𝑣 ≤ 𝐿𝐿} be the initial histogram, 
where  𝐿𝐿 = 60 for each channel and the size of the image 𝑁𝑁 = ∑ ℎ(𝑣𝑣)𝐿𝐿

𝑣𝑣 . The proposed 
post-processing includes simple segmentation with a smoothed histogram, removing 
non-obvious cutting points, and interval merging. Let 𝐻𝐻 = {ℎ(𝑣𝑣) | 1 ≤ 𝑣𝑣 ≤ 𝐿𝐿} be the in-
itial histogram, where  𝐿𝐿 = 60 for each channel and the size of the image 𝑁𝑁 = ∑ ℎ(𝑣𝑣)𝐿𝐿

𝑣𝑣 . 
The MFTC algorithm involves three steps, as explained in the following. 

a. Simplied segmentation with a smoothed histogram
The noise existing in the initial histogram leads to over-segmentation. To reduce the
problem, we first smooth the initial histogram 𝐻𝐻 to obtain a smoothed one 𝐻𝐻′; and then
collect the local minima of 𝐻𝐻 and 𝐻𝐻′ to form sets of cutting points 𝑠𝑠𝑜𝑜 = {𝑠𝑠𝑖𝑖𝑜𝑜  | 𝑖𝑖 ≥ 1}
and 𝑠𝑠′ = �𝑠𝑠𝑗𝑗′ | 𝑗𝑗 ≥ 1�, respectively. Usually |𝑠𝑠′| ≤ |𝑠𝑠𝑜𝑜| since the smoothed histogram
usually has low local minima. Then, for each 𝑠𝑠𝑗𝑗′ in 𝑠𝑠′, the cutting point in 𝑠𝑠𝑜𝑜 which is
the closet to 𝑠𝑠𝑗𝑗′ is reserved, and all reserved cutting points form a new set 𝑠𝑠 of cutting
points. Two distinct cutting points in 𝑠𝑠′ might have the same closest point in 𝑠𝑠, thus
|𝑠𝑠| ≤ |𝑠𝑠′| ≤ |𝑠𝑠𝑜𝑜|.

b. Removal of non-obvious cutting points
The purpose of this step is to remove the cutting points at the inconspicuous valley
floor. Let 𝑆𝑆 = {𝑆𝑆𝑖𝑖 = [𝑠𝑠𝑖𝑖 , 𝑠𝑠𝑖𝑖+1 − 1] | 1 ≤ 𝑖𝑖 ≤ |𝑠𝑠| − 1}  be the set of intervals deter-
mined by the cutting points in s and let 𝑠𝑠𝑖𝑖

𝑝𝑝 = arg max
𝑣𝑣∈𝑆𝑆𝑖𝑖 

�ℎ(𝑣𝑣)� denote the position of the

peak in interval 𝑆𝑆𝑖𝑖. For each cutting point 𝑠𝑠𝑖𝑖, if it satisfies the conditions given in (1), 
then the slope of the valley floor at which 𝑠𝑠𝑖𝑖 is located is considered not obvious enough 
and thus is removed from 𝑠𝑠. In (1), 𝑔𝑔  is a threshold for slope and set to  0.0875 ≈
tan 5°.  

if ��ℎ
(𝑠𝑠𝑖𝑖)−ℎ�𝑠𝑠𝑖𝑖−1

𝑝𝑝 �� / 𝑁𝑁
�𝑠𝑠𝑖𝑖−𝑠𝑠𝑖𝑖−1

𝑝𝑝 � / 𝐿𝐿
< 𝑔𝑔� and ��ℎ

(𝑠𝑠𝑖𝑖)−ℎ�𝑠𝑠𝑖𝑖
𝑝𝑝�� / 𝑁𝑁

�𝑠𝑠𝑖𝑖−𝑠𝑠𝑖𝑖
𝑝𝑝� / 𝐿𝐿

< 𝑔𝑔� then remove 𝑠𝑠𝑖𝑖 for update 𝑠𝑠 (1) 
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c. Interval merging
The purpose of this step is to merge an interval whose area is too small or whose width
is too narrow with one of its neighboring intervals. Let 𝐴𝐴𝑖𝑖 = ∑ ℎ(𝑣𝑣)𝑣𝑣∈𝑆𝑆𝑖𝑖  denote the area 
within interval 𝑆𝑆𝑖𝑖. If one of the conditions given in (2), then interval 𝑆𝑆𝑖𝑖 is merged with
one of the neighboring intervals 𝑆𝑆𝑖𝑖−1 and 𝑆𝑆𝑖𝑖+1, according to the comparison of the ra-
tios given in (2).

if �𝐴𝐴𝑖𝑖
𝑁𝑁

< 𝜃𝜃1�  or �𝜃𝜃1 < 𝐴𝐴𝑖𝑖
𝑁𝑁

< 𝜃𝜃2 and |𝑠𝑠𝑖𝑖 − 𝑠𝑠𝑖𝑖+1| < 𝜃𝜃3� 

then merge 𝑆𝑆𝑖𝑖 with 𝑆𝑆𝑗𝑗 where 𝑗𝑗 = arg max
𝑗𝑗∈{𝑖𝑖−1,𝑖𝑖+1}

𝐴𝐴𝑖𝑖

�𝑠𝑠𝑗𝑗
𝑝𝑝−𝑠𝑠𝑖𝑖

𝑝𝑝�
2 (2) 

In (2), 𝜃𝜃1 = 0.001 and 𝜃𝜃2 = 0.01 are thresholds for the ratio 𝐴𝐴𝑖𝑖/𝑁𝑁, and 𝜃𝜃3 = 𝐿𝐿
𝑛𝑛
 for 

the minimum tolerance of the interval width (n = 12, for H channel; n = 10 for S and I 
channel).  

2.1.2 Color segmentation 
For a given image, the MFTC algorithm is applied to perform segmentation on the H, 
S, and I channel hierarchically. Firstly, the MFTC algorithm is applied on the histogram 
of the image on Hue channel, to obtain the segmented intervals; then for each interval, 
the histogram on Saturation channel for the pixels within the interval is constructed and 
segmented using MFTC algorithm, and finally, for each subinterval, the histogram on 
Intensity channel for the pixels within the subinterval is constructed and further seg-
mented using MFTC algorithm. The peaks of the subintervals in the resulting segmen-
tation are collected and form the initial palette, as shown in Fig. 1, which will be refined 
using a clustering algorithm. 

Fig. 1. The initial palette. 
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2.1.3 Palette construction 
The palette is constructed by using the initial palette Ω = {𝜇𝜇1, … , 𝜇𝜇𝑛𝑛} obtained from the 
algorithm in the previous section, which used as the initial cluster center; the pixels of 
the image I are subjected to a clustering algorithm, and divided into n cluster. The center 
of each cluster constitutes a palette of image.  

The color will be calculated in the Lab color space during the execution of clustering 
algorithm, because this color space property is more in line with human vision. The 
feature distance calculation of the k-means clustering algorithm is substituted by Eq. 
(3):  

𝑑𝑑𝑖𝑖𝑠𝑠𝑡𝑡1(𝑥𝑥,𝑦𝑦) = �𝑤𝑤(𝑥𝑥𝐿𝐿 − 𝑦𝑦𝐿𝐿)2 + 1−𝑤𝑤
2

(𝑥𝑥𝑎𝑎 − 𝑦𝑦𝑎𝑎)2 + 1−𝑤𝑤
2

(𝑥𝑥𝑏𝑏 − 𝑦𝑦𝑏𝑏)2 (3) 

where the luminance weight takes 𝑤𝑤 = 0.05 to reduce the effect of luminance on the 
clustering result. 

Sometimes the thickness of the segmentation does not match what the users want, 
so we offer the option for user. If the user does not want to have a detailed clustering 
result, it can perform only the first two channels (Hue and Saturation channels) or the 
first channel (only Hue channel) in the three-channel step. 

2.2 Swatch matching 

The color palette of the source image and the reference image has been established by 
the above method, the next issue is the swatch matching between the pair of the palette. 
In general, it is based on the palette of source image; for each color palette, take the 
closest palette in the reference image as the pairing swatch. However, this method may 
cause situation that some swatches of reference are not corresponded, the conversion 
result cannot completely obtain the property of reference image. Frigo et al. [16] con-
sidering the relationship between each pair of color palettes, the linear programming 
algorithm of Earth Mover's Distance (EMD) is used to find the exact matching results. 
However, it will require a certain amount of running time; in this section, we present 
and introduce a simple improved version, and automatically find the relationship be-
tween the pair of palettes and improve the execution time. To allow users to do color 
transfer with their own way, we also propose a color matching method that allows the 
user to control. 

2.2.1 Auto color matching 
For automatic matching, as shown in Fig. 5, assume that the palettes of source image 
𝑰𝑰src  and reference image 𝑰𝑰ref  are 𝐶𝐶src = {𝜇𝜇𝑖𝑖src | 𝑖𝑖 = 1, 2, . . ,𝑚𝑚}  and 𝐶𝐶ref = �𝜇𝜇𝑗𝑗ref | 𝑗𝑗 =
1, 2, . . ,𝑛𝑛�, respectively. We take 𝜇𝜇𝑖𝑖src and 𝜇𝜇𝑗𝑗ref to be the centers of the 𝑐𝑐𝑖𝑖src and 𝑐𝑐𝑗𝑗ref where 
the swatch in the palette. 𝜎𝜎𝑖𝑖src and  𝜎𝜎𝑗𝑗ref denote the standard deviation of 𝑐𝑐𝑖𝑖src and 𝑐𝑐𝑗𝑗ref. 
Let 𝐷𝐷 = �𝑑𝑑𝑖𝑖𝑗𝑗�𝑚𝑚×𝑛𝑛

 be the feature distance matrix, where 𝑑𝑑𝑖𝑖𝑗𝑗 = 𝑑𝑑𝑖𝑖𝑠𝑠𝑡𝑡2�𝑐𝑐𝑖𝑖src, 𝑐𝑐𝑗𝑗ref � is the fea-
ture distance between 𝑐𝑐𝑖𝑖src and 𝑐𝑐𝑗𝑗ref, as defined in Eq. (4):  
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𝑑𝑑𝑖𝑖𝑠𝑠𝑡𝑡2�𝑐𝑐𝑖𝑖src, 𝑐𝑐𝑗𝑗ref � = 𝑤𝑤�(𝜇𝜇𝑖𝑖,𝐿𝐿src − 𝜇𝜇𝑗𝑗,𝐿𝐿
ref)2 + (𝜇𝜇𝑖𝑖,𝐿𝐿src − 𝜇𝜇𝑗𝑗,𝐿𝐿

ref)2�
1
2 + 1−𝑤𝑤

2
�(𝜎𝜎𝑖𝑖,𝑎𝑎src − 𝜎𝜎𝑗𝑗,𝑎𝑎

ref)2 + (𝜎𝜎𝑖𝑖,𝑎𝑎src −

𝜎𝜎𝑗𝑗,𝑎𝑎
ref)2�

1
2 + 1−𝑤𝑤

2
((𝜎𝜎𝑖𝑖,𝑏𝑏src − 𝜎𝜎𝑗𝑗,𝑏𝑏

ref)2 + (𝜎𝜎𝑖𝑖,𝑏𝑏src − 𝜎𝜎𝑗𝑗,𝑏𝑏
ref)2)

1
2   (4) 

where can be used to calculate the relationship of palette matrix 𝑅𝑅 = �𝑟𝑟𝑖𝑖𝑗𝑗�𝑚𝑚×𝑛𝑛
, as shown 

in Eq. (5):  

𝑟𝑟𝑖𝑖𝑗𝑗 = �
𝑒𝑒−𝑑𝑑𝑖𝑖𝑗𝑗 , 𝑖𝑖𝑖𝑖 𝑑𝑑𝑖𝑖𝑗𝑗 = min1≤𝑘𝑘≤|𝐶𝐶src|𝑑𝑑𝑘𝑘𝑗𝑗  𝑜𝑜𝑟𝑟 𝑑𝑑𝑖𝑖𝑗𝑗 = min1≤𝑘𝑘≤�𝐶𝐶ref�𝑑𝑑𝑖𝑖𝑘𝑘

0   , 𝑜𝑜𝑡𝑡ℎ𝑒𝑒𝑟𝑟𝑤𝑤𝑖𝑖𝑠𝑠𝑒𝑒
  (5) 

where we take 𝑤𝑤 = 0.05 to reduce the effect of luminance, and the relationship of pal-
ette is not only obtained based on source’s from reference’s, but also do reverse opera-
tion to increase the flexibility of the swatch matching. In Fig. 2, where the two palettes 
has a correlation when 𝑟𝑟𝑖𝑖𝑗𝑗 is greater than 0, and the two palettes without the connection 
is equal to 0. The next step of color transfer is based on this relationship to calculate. 

Fig. 2. The matching result of the two images. 

2.2.2 User selective 
In order to allow users to match their own color, we provide an interface for users, 
which can pick up the color directly on two images or palettes for color matching. Sup-
pose that the user-defined K-pair matching color be 𝑍𝑍 = {𝑧𝑧1, … 𝑧𝑧𝐾𝐾} , where 𝑧𝑧𝑘𝑘 =
�𝑧𝑧𝑘𝑘src, 𝑧𝑧𝑘𝑘ref� , 1 ≤ 𝑘𝑘 ≤ 𝐾𝐾 , and 𝐾𝐾 ≤ min�|𝐶𝐶src|, �𝐶𝐶ref�� . The distance 𝑑𝑑𝑖𝑖𝑘𝑘src =
𝑑𝑑𝑖𝑖𝑠𝑠𝑡𝑡1(𝜇𝜇𝑖𝑖src, 𝑧𝑧𝑘𝑘src) and 𝑑𝑑𝑗𝑗𝑘𝑘ref = 𝑑𝑑𝑖𝑖𝑠𝑠𝑡𝑡1�𝜇𝜇𝑗𝑗ref, 𝑧𝑧𝑘𝑘ref� are calculated by 𝜇𝜇𝑖𝑖src with 𝑧𝑧𝑘𝑘src, and 𝜇𝜇𝑗𝑗ref 
with 𝑧𝑧𝑘𝑘ref according to the distance definition of Eq. (3), respectively. This calculation 
yields two matrices 𝐷𝐷src = [𝑑𝑑𝑖𝑖𝑘𝑘src]𝑚𝑚×𝐾𝐾 and 𝐷𝐷ref = �𝑑𝑑𝑗𝑗𝑘𝑘ref�𝑛𝑛×𝐾𝐾

; then compute two rela-
tionship matrices 𝑅𝑅src = [𝑟𝑟𝑖𝑖𝑘𝑘src]𝑚𝑚×𝐾𝐾  and 𝑅𝑅ref = �𝑟𝑟𝑗𝑗𝑘𝑘ref�𝑛𝑛×𝐾𝐾

 using Eq. (6), where 𝑞𝑞 ∈
{src, ref}, 𝑙𝑙src = 𝑚𝑚, and 𝑙𝑙ref = 𝑛𝑛. Finally, the relationship of palette matrix 𝑅𝑅 is ob-
tained by combining 𝑅𝑅src and 𝑅𝑅ref, where 𝑅𝑅 = �𝑟𝑟𝑖𝑖𝑗𝑗�𝑚𝑚×𝑛𝑛

= 𝑅𝑅src�𝑅𝑅ref�𝑇𝑇; the matching
relationship as shown in Fig. 3. 
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Fig. 3. User-specified swatch matching. 

2.3 Color transfer 

After the swatch matching is completed, reconstruct the source image palette 𝐶𝐶′ =
{𝜇𝜇𝑖𝑖′ | 𝑖𝑖 = 1, 2, . . ,𝑚𝑚} by the correlation matrix 𝑅𝑅 = �𝑟𝑟𝑖𝑖𝑗𝑗�𝑚𝑚×𝑛𝑛

 using Eq. (7): 

𝜇𝜇𝑖𝑖𝑛𝑛𝑛𝑛𝑤𝑤 =
∑ 𝑟𝑟𝑖𝑖𝑗𝑗𝑛𝑛
𝑗𝑗=1 𝜇𝜇𝑗𝑗

ref

∑ 𝑟𝑟𝑖𝑖𝑗𝑗𝑛𝑛
𝑗𝑗=1

 (1) 

where the luminance L channel is retained on the Lab color space, and only the color 
channels a and b are used. Next, each pixel value of source image 𝑰𝑰src(𝑝𝑝) will process 
color transfer using represented color 𝜇𝜇𝑖𝑖src in the 𝑐𝑐𝑖𝑖 and reconstructed color 𝜇𝜇𝑖𝑖′, that is 
directly add the difference between 𝜇𝜇𝑖𝑖src and 𝜇𝜇𝑖𝑖′, as shown in Eq. (8):  

𝑰𝑰𝒏𝒏𝒏𝒏𝒏𝒏(𝑝𝑝) =  𝑰𝑰src(𝑝𝑝) + (𝜇𝜇𝑖𝑖′ − 𝜇𝜇𝑖𝑖src) 𝑝𝑝 ∈ 𝑐𝑐𝑖𝑖  (2) 

The complete automatic palette reconstruction process and the color transfer process 
are shown in Algorithm 1 and Algorithm 2, respectively. 
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Algorithm 1.  Automatic Palette Reconstruction algorithm 
𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈:  The cluster centers and standard deviations of each of two sets of clusters 

𝝁𝝁src = [𝜇𝜇𝑖𝑖src],𝝈𝝈src = [𝜎𝜎𝑖𝑖src], 1 ≤ 𝑖𝑖 ≤ 𝑚𝑚 
𝝁𝝁ref = �𝜇𝜇𝑗𝑗ref�,𝝈𝝈ref = �𝜎𝜎𝑗𝑗ref�, 1 ≤ 𝑗𝑗 ≤ 𝑛𝑛 

𝐟𝐟𝐟𝐟𝐟𝐟 𝑖𝑖 ← 1 to 𝑚𝑚  // evaluate the relationship 𝑟𝑟𝑖𝑖𝑗𝑗 between clusters 𝑐𝑐𝑖𝑖src and 𝑐𝑐𝑗𝑗ref 
𝐟𝐟𝐟𝐟𝐟𝐟 𝑗𝑗 ← 1 to 𝑛𝑛 

𝑑𝑑𝑖𝑖𝑗𝑗 ← �𝜇𝜇𝑖𝑖src − 𝜇𝜇𝑗𝑗ref� + �𝜎𝜎𝑖𝑖src − 𝜎𝜎𝑗𝑗ref� 
𝐢𝐢𝐟𝐟 𝑑𝑑𝑖𝑖,𝑗𝑗 = min1≤𝑘𝑘≤𝑚𝑚𝑑𝑑𝑘𝑘𝑗𝑗  𝑜𝑜𝑟𝑟 𝑑𝑑𝑖𝑖𝑗𝑗 = min1≤𝑘𝑘≤𝑛𝑛𝑑𝑑𝑖𝑖𝑘𝑘 𝐈𝐈𝐭𝐭𝐭𝐭𝐈𝐈 𝑟𝑟𝑖𝑖𝑗𝑗 ← 𝑒𝑒−𝑑𝑑𝑖𝑖𝑗𝑗  
𝐭𝐭𝐞𝐞𝐞𝐞𝐭𝐭 𝑟𝑟𝑖𝑖𝑗𝑗 ← 0 

𝐭𝐭𝐈𝐈𝐞𝐞 𝐟𝐟𝐟𝐟𝐟𝐟 
𝐭𝐭𝐈𝐈𝐞𝐞 𝐟𝐟𝐟𝐟𝐟𝐟  

create the new color 𝜇𝜇𝑖𝑖𝑛𝑛𝑛𝑛𝑤𝑤 =
∑ 𝑟𝑟𝑖𝑖𝑗𝑗𝑛𝑛
𝑗𝑗=1 𝜇𝜇𝑗𝑗

ref

∑ 𝑟𝑟𝑖𝑖𝑗𝑗𝑛𝑛
𝑗𝑗=1

𝐎𝐎𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈:  new color palette 𝝁𝝁𝑛𝑛𝑛𝑛𝑤𝑤 =  [𝜇𝜇𝑖𝑖𝑛𝑛𝑛𝑛𝑤𝑤]  

Algorithm 2. Color Transfer algorithm 
𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈: source image 𝑰𝑰src and reference image 𝑰𝑰ref 

1. Use Algorithm 2 to construct color palettes 𝜴𝜴src and  𝜴𝜴ref for and standard deviations
𝜮𝜮src and 𝜮𝜮reffor  𝑰𝑰src and  𝑰𝑰ref

2. Use Algorithm 3 to reconstruct color palettes 𝝁𝝁𝑛𝑛𝑛𝑛𝑤𝑤 for  𝑰𝑰src

3. 𝐟𝐟𝐟𝐟𝐟𝐟 each pixel 𝑝𝑝 of 𝑰𝑰src
𝑰𝑰𝒏𝒏𝒏𝒏𝒏𝒏(𝑝𝑝) =  𝑰𝑰src(𝑝𝑝) + (𝜇𝜇𝑖𝑖𝑛𝑛𝑛𝑛𝑤𝑤 − 𝜇𝜇𝑖𝑖src), when 𝒑𝒑𝑡𝑡ℎ pixel belong to the 𝑖𝑖𝑡𝑡ℎ cluster

𝐭𝐭𝐈𝐈𝐞𝐞 𝐟𝐟𝐟𝐟𝐟𝐟 

𝐎𝐎𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈𝐈:   𝑰𝑰′ 

3 Our system 

This section describes the system flow and the operation of the user interface. In section 
4.1, integrate the methods for Section 2 to illustrate the implementation process of the 
system, and section 4.2 provides a brief introduction to the user interface.  

3.1 System flow 

The main system architecture diagram shown in Fig. 4, described as follows: 
1. Import the source image 𝑰𝑰src and reference image 𝑰𝑰ref by user.
2. The system finds main initial palettes 𝐶𝐶src and 𝐶𝐶ref from images 𝑰𝑰src and 𝑰𝑰ref, re-

spectively, according to the palette construction algorithm.
3. Then use the k-means clustering method for 𝑰𝑰src and 𝑰𝑰ref, respectively, 𝐶𝐶src and

𝐶𝐶ref are used as the initial cluster center in the Lab color space. The average of the
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cluster 𝜇𝜇𝑖𝑖src and 𝜇𝜇𝑗𝑗ref represent the i-th color of the 𝐶𝐶src and the j-th color of 𝐶𝐶ref, 
respectively. 

4. The color feature distance 𝐷𝐷 ∈ ℝ𝑚𝑚×𝑛𝑛 between 𝐶𝐶src and 𝐶𝐶ref palette is calculated
by the system, and then the pairing matrix 𝑅𝑅 ∈ ℝ𝑚𝑚×𝑛𝑛 is generated according to 𝐷𝐷.

5. Next, according to 𝑅𝑅 , the palette 𝐶𝐶src  is reconstructed as 𝐶𝐶′  only for the color
channels ab on the Lab space.

6. Finally, according to two palettes 𝐶𝐶src and 𝐶𝐶′, the 𝑰𝑰src is subjected to color con-
version to obtain the result image 𝑰𝑰′.

Fig. 4. System architecture diagram 

3.2 User interface 

The system mentioned in this paper provides an interface to allow users to do color 
transfer, as shown in Fig. 5 (a). The upper left of the File menu contains the opening 
image file and the result saving function; after opening the file, the system will auto-
matically create a color palette for the image, and then the image and palette will be 
displayed on the screen. The ‘Play’ button in the Toolbox starts the color conversion 
and displays the results on the screen; ‘Palette option’ is set in section 3.1.4, providing 
1, 2, 3, respectively, on behalf of the Color richness of the palette from less to more, 
the user can decide the required palette; ‘Match Tool’ button is called the setting of 
section 3.2.2 that the user can click on the image or color palette to specify the matching 
color, as shown in Fig. 5 (b). If it is not called, use the default auto-matching; ‘Remove 
artifact’ is the configuration of section 3.4.1, decide whether the need to produce the 
results of the image artifact suppression, where the default is checked. 
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(a)   (b) 
Fig. 5. (a) The user interface, (b) Match Tool called on UI 

(a) (b)

(c)   (d)    (e) 

(f)   (g)    (h) 

(i)                          (j)                          (k) 
Fig. 6. The second automatic conversion result, (a) source; (b) reference; (c) ~ (k) The con-

version result of each size palette pairing. 
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(a)  (f) (k) (p)

(b)  (g) (l) (q)

(c)  (h) (m) (r)

(d)     (i)   (n)   (s) 

(e)                      (j)               (o)                       (t) 
Fig. 7. The comparison with automatic and manual. (a) ~ (e) source; (f) ~ (j) reference; (k) ~ 

(o) results of automatic; (p) ~ (t) results of manual.

4 Experimental results 

For the experiment of the system mentioned in this paper, we follow the results of dif-
ferent palette fineness and the results of automatic matching and manual matching. 

In the interface, we use 1, 2, 3, respectively, on behalf of the color palette color 
richness level; The three images of the source image and the reference image are 
matched with three different richness palettes, and nine kinds of image results are ob-
tained with different pairing combinations, as shown in Fig. 6. Each of the columns in 
the images (c) to (k) represents a different color palette richness of the source image; 
each row represents a different color palette richness of the reference image. From these 
results, we found that if the color composition of the image is relatively monotonous, 
the difference between the results is not significant, regardless of the rich color palette, 
as shown in Fig. 6.  
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The color transfer image obtained by the automatic palette paring of the system is 
not necessarily in line with what the user wants. Thus, we provide the option that allows 
the user to match the colors themselves so that the conversion results consistent with 
the user. Here, we will show the comparison between the automatic matching and the 
manual matching, as shown in Fig. 7. 

5  Conclusion 

In this work, the color transfer system using variations in ACoPA [15] where the auto-
matically segmented image representative colors of the palette. Next, the system auto-
matically pairing to establish the palette palette between the relevance, and design a set 
of artifact suppression mechanism by the weight control image pixel color transfer de-
gree. Finally, according to the matching results to complete the automatic color transfer. 

The current study focuses only on the color transfer interaction between the system 
and the user; the future is intended to be an extension of the significant method [13], to 
improve the shortcoming of the running time about search for significant objects, and 
applied to the system's automatic matching to enhance the results of the rationality. 
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Abstract. This article is focused on modeling an interface between 
medical data acquisition and diagnosis of patients exposed to mental 
and/or physical disorders. Although prior studies on medical diagnosis 
deal with mainly with data acquisition (i.e. symptoms and analysis) we 
analyze also how modern techniques of medical data analysis deal with 
acquisitioned data for improving the diagnosis and, implicitly, the 
medical treatment of patients. We are focused on a specific processing 
medical data acquisition, and therefore we propose a new formalism for 
modeling this issue; i.e. based on the skeleton of shuffled frog leaping 
algorithm (SFLA) we develop a link between physiology of human 
body and human emotional states, in order to help specialists to perform 
a correct diagnosis correlated to patient’s emotional states. We call it 
evolutionary qualitative formalism (EQ). We conclude our analysis 
exemplifying the EQ algorithm model implication on medical 
diagnosis. 

Keywords: evolutionary algorithms, qualitative formalisms, medical 
diagnosis. 

1 Introduction 

There are numerous papers emphasizing the importance of data mining for user 
friendly and accurate interfacing the decision of specialists and staff vs the volume 
and quality of data acquisition [1-3]. However, very few studies are focused on the 
new medical protocols which imply modern techniques for data processing by 
considering among classic medical markers the special emotional ones, where by this 
syntagmatic we mean both mental and physical disorders. Our work is focused on 
evaluation of the links between physiology of human body and human emotional 
states, in order to help specialists to perform a correct diagnosis correlated to patient’s 
expectations and emotional states. By focusing on this approach, the goal of our paper 
is to underline the challenges of data acquisition for simulation of evolutionary 
algorithms, analyzed in a qualitative modeling manner. Such decision control plays an 
important role for scheduling efficient medical intervention and resource evaluation. 
The intervention time and it`s cost are related to each other and considered in time-
cost trade-off problems. Therefore, finding new efficient algorithms to solve such 
problems is an actual challenging issue. There are numerous formalisms used for 
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modeling and simulating medical decision, i.e. medical diagnosis and treatment [4-
11], and considering that instable, shuffled emotional states can alter a correct 
analysis we approach a meta-heuristic iterative algorithm imitating the memetic 
evolution of a group of frogs when seeking for food, respectively the shuffled frog 
leaping algorithm (SFLA), for analyzing the complex process of medical diagnosis. 
SFLA deals with the so called “memes” which contain different “memotypes” in 
“memeplexes” for transmitting information, analogous to genes of a chromosome [4, 
5]. Specifically, SFLA assumes virtual frogs which are periodically shuffled and 
scheduled into new memplexes, similar as it works the Shuffled Complex Evolution 
algorithm (SCE) for deploying global exploration [6]. The local search and the 
shuffling processes continue until defined convergence criteria are satisfied [7]. Our 
evolutionary qualitative (EQ) formalism performs the local search considering the 
influence of patients’ psychic in the disease diagnose. Therefore, we deal with two 
issues: first, an issue that is known in medicine as “dual diagnosis”, that appears when 
patients have a mental health problem caused or amplified by drug or alcohol abuse. 
In these cases, it is shown that the emotional problem has been developed first and, 
therefore, dual diagnosis has many disorders associated with it: bipolar disorder, 
depression, anxiety, phobias, obsessive-compulsive etc. [8-11]. Secondly, there is an 
issue known as “influence of psychiatry on medical diagnosis” and it reflects how 
doctors have been influenced by psychiatric expertise in establishing medical 
diagnosis [12, 13].  

The remainder of the paper is organized as follows. We provide a description of 
the adapted shuffled frog leaping algorithm for medical diagnosis in Section 2. The 
qualitative formalisms applied in medical diagnosis are investigated in Section 3. 
Section 4 illustrates applications of EQ, and concluding remarks are summarized in 
Section 5 of the paper. 

2 Shuffled Frog Leaping Basement of EQ Algorithm for 
Medical Diagnosis 

Each frog in the EQ model consists of (SxAn)x7 memes, in which (SxAn) is the 
number of memeplexes, with S representing the number of symptoms of a patient, An 
is the number of specific analysis for each symptom, and 7 represents the number of 
elements, i.e. elements {vvl, vl, l, m, h, vh, vvh}, that define the  quantitative space of 
EQ (see section 3). The sequence of memes should be consistent with the order of 
activities in priority relations between activities of EQ algorithm, as shown in Fig. 1. 
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Fig. 1. The flowchart of EQ 

3 Qualitative Formalisms Applied in Medical Diagnose  

The problem of qualitative modeling of complex systems has been intensively studied 
in technique [16–20] but, as far as we found out, not in medicine, e.g. in the medical 
diagnosis. This fact can be explained by considering that, in medicine, the knowledge 
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related to theoretical background and the achievement of practical experience is often 
tacit and not stated explicitly in qualitative formalisms. In medical diagnose domain 
we use three “weak” and three “strong” values for knowledge and interaction doctor – 
patient: very insufficient, insufficient, slightly insufficient, normal, slightly excessive, 
excessive and very excessive. These values will determine our quantitative space with 
seven elements {vvl, vl, l, m, h, vh, vvh} [21]. The quantities space and the basic 
functions are the following ones [18, 21]: Q = {vvl, vl, l, m, h, vh, vvh}, with vvl < vl 
< l < m < h < vh < vvh. The functions pred and suc defined in Q: pred(vvl) = vh,
pred(vh) = h, pred(h) = m, pred(m) = l, pred(l) = vl, pred(vl) = vvl, pred(vvl) = vvl;
suc(vvl) = vl, suc(vl) = l, suc(l) = m, suc(m) = h, suc(h) = vh, suc(vh) = vvh, suc(vvh) =
vvh, where predn(x) is the nth x predecessor with n > 0 integer and sucn(x) is the nth x
successor with n > 0 integer. We will use the qualitative algebra formalisms defined
in [18], [22–25], ( )⊗⊕≈ ,,,Q  where Q has the above mentioned seven quantities
space, ≈  is the qualitative equality, ⊕  is the qualitative addition, ⊗  is the
qualitative multiplication and ? is the indecision symbol.  Indecision symbol means
that the consult results are inconclusive and the investigations must be repeated, for
example when laboratory analysis looks bad and the medical examinations do not
reveal anything bad, then the analysis have to be recurred, or supplementary analysis
are necessary. The qualitative equality (e.g. the possibility to be equal) ≈  is defined
as follows:

yzxzQzQyQxyx ≤∧≤∈∃∈∃∈∀⇔≈ ::, (1). 

We underline the fact that due to special approach we use here, the qualitative 
operations such as addition and multiplication were defined according to our goal and 
also according to physician’s advice. The qualitative addition ⊕ is defined as it is 
given in Table 1, and the qualitative multiplication ⊗ is defined in Table 2. 

Table 1. The qualitative addition definition in Q 

⊕ vvl vl l m h vh vvh 
vvl vvl vvl vl vl l ? ? 
vl vvl vl vl l l m ? 
l vl vl l l m m h 
m vl l l m m h h 
h l l m m h h vh 
vh ? m m h h vh vh 
vvh ? ? h vh vh vh vvh 
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Table 2. The qualitative multiplication definition in Q 

⊗ vvl vl l m h vh vvh 
vvl vvl vvl vvl vvl vvl vl l 
vl vvl vvl vl vl vl l m
l vvl vl vl l l m h 
m vvl vl l l m h vh 
h vvl vl l m h vh vvh 
vh vl l m h vh vvh vvh 
vvh l m h vh vvh vvh vvh 

Fig. 2. Graphical representation of cognitive operation 
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4 Illustration of Evolutionary Qualitative Algorithm for 
Medical Diagnosis 

Physician expertise will establish the qualitative functions corresponding to the 
decision tables that address the trust diagnose mechanism. The obtained data such as: 
pathologic symptoms, medical examination results, laboratory analysis results, 
observed and/or measured emotions etc. are converted into qualitative data using the 
diagram depicted in figure 3 and, afterwards, the projection tables (pti, i=1,2,…) from 
physicians knowledge and expertise. A more accurate picture about the influence of 
emotional pathology compared to that of medical pathology would have an 
importance over the truth tables dt34 and dt12 (see table 3, respectively table 4) and 
also to their qualitative models, respectively qualitative functions. We appreciate that 
this approach inspired from the reinforcement learning (RL) algorithm will improve 
the qualitative model by opening new research areas for medical diagnosis [24 - 29]. 

Fig. 3. The qualitative local search algorithm 

From Fig. 3, we have: 

( ) ( )( ) ( ) ( )( )E4pt,PS3pt34dtPE2pt,A1pt12dtEQ ⊕= (2) 

where: 

( ) ( )yxyxdt ,,12 α= and ( ) ( )kzkzdt ,,34 β= (3) 

The decision table for physician’s diagnose (e.g. function ( )yx,α ), and for 
patient’s diagnose (e.g. function ( )kz,β ) are table 3, respectively table 4. 

Pr 
pt1 

x Presumptive 
medical diagnose 

R 
dt12

Physician’s 
diagnose 

Laboratory Medical 
Analysis (A) 

Pr 
pt2 

y Clinic 
diagnose 

Physician 
Examination (PE) 

R 
⊕

Trust 
Diagnose 

(TD)
Pr 
pt3 

z Patient’s 
objective status 

R 
dt34

Patient’s 
diagnose 

Pathologic 
Symptoms (PS) 

Pr 
pt4 

k Patient’s 
subjective status 

Emotions 
(E) 
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Table 3. Function ( )yx,α  decision table

12dt     y 
x 

vvl vl l m h vh vvh 

vvl vvl vvl vl m m l ?
vl vvl vl vl m m l h
l vl vl l m m m l 
m vl l l m m h vh 
h vl vl m m h h vh 
vh l l m m h vh vh 
vvh ? l l m vh vh vvh 

Table 4. Function ( )kz,β  decision table

34dt     k 
z 

vvl vl l m h vh vvh 

vvl vvl vvl vl l m m vl 
vl vvl vl vl l m m vl 
l vl vl vl l m m l 
m l l l m m m l 
h l l l m m h h 
vh l m m m h h vh 
vvh m m m l h vh vvh 

In medicine, events are not necessarily repeatable: the analytical form of 
uncertainty and the relative frequency of events is unknown. Physicians balance the 
medical diagnose rules with a certainty factor [22, 23] given by experience and 
expertise. Here, these rules are represented as binary cognitive operations. Every 
cognitive operation has an associated certainty factor that can be estimated by using 
the corresponding qualitative variable. In the literature, usually for independent 
variables, this estimation is calculated using the following relation [24]: 

WFCFCF
n

1i
i ⋅= ∏

=
(4) 

where CF is the global certainty factor of the estimated variable; WF is the weighting 
factor of the cognitive operation performed, and CFi are the average certainty factors 
of the data obtained by analysis, medical examination, patient’s experience and 
expertise, and the patient’s emotional status. Here, in our work, we consider all these 
data as being dependent events and therefore the certainty factor respects the law of 
conditional probability for dependent events. From figure 4, the certainty factor of EQ 
is given by the following relation: 

( ) WFCFCFCFCFCF ⋅⋅−+= 2121 (5) 
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We will use this relation for calculating the certainty factor of EQ given by relation 
(2), and the certainty factors associated with projections of medical laboratory 
analysis (A), physician examination (PE), patient pathologic symptoms (PS), patient’s 
emotions (E), the EQ mechanism weighting factor of reasoning operation ( )yx,α , the 
EQ mechanism weighting factor of reasoning operation ( )kz,β , and the EQ 
mechanism ⊕ are respectively of 0.98; 0.97; 0.93; 0.85; 0.98; 0.30; 0.95. Using these 
numerical values it follows that: 

(6). 

We consider that the result obtained, e.g. the certainty factor of a EQ, CF = 0.90 is 
a good one and the values for intermediary factor CFi considered in the above 
discussed example proved to be realistic ones, as they were suggested by specialists. 

5 Conclusions 

In this paper, a new approach based on evolutionary reinforcement learning 
qualitative formalisms for medical diagnosis was presented. In order to improve the 
quality of medical diagnose, as well as to rush the patient’s healing, we establish a 
mechanism for putting together medical knowledge and patient’s emotional status in a 
so called here evolutionary qualitative (EQ) diagnosis. One drawback of our method 
is that it requires more experiments in order to find out more appropriate certainty 
factors for a large range of diseases. However, as far as we experienced our approach 
under physicians’ supervision, it proves to be a realistic way to improve the medical 
interaction between physician (and nurse) and patient, as it allows us to modify in real 
time the weak certainty factors. An interesting extension, to be considered in the 
future work, would consist in introducing feedback mechanism that promotes the 
dynamic updating of the certainty factors considered as fuzzy weights (associated 
with different medical rules) according to the current patient status.  
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Abstract. Deployment of Internet of Things (IoT) devices and Data
Fusion techniques have gained popularity in public and government do-
mains. This usually requires capturing and consolidating data from mul-
tiple sources. As datasets do not necessarily originate from identical sen-
sors, fused data typically results in a complex data problem. Because
military is investigating how heterogeneous IoT devices can aid processes
and tasks, we investigate a multi-sensor approach. Moreover, we propose
a signal to image encoding approach to transform information (signal)
to integrate (fuse) data from IoT wearable devices to an image which
is invertible and easier to visualize supporting decision making. Further-
more, we investigate the challenge of enabling an intelligent identification
and detection operation and demonstrate the feasibility of the proposed
Deep Learning and Anomaly Detection models that can support future
application that utilizes hand gesture data from wearable devices.

Keywords: IoT ·Data Fusion · Smart City · Transfer Learning ·Anomaly
Detection · Command and Control · C2.

1 Introduction

Advances in technology have contributed to the growing use of laptops, smart-
phones, and tablets in government and industry globally. Nascent 5G network
enables mobile computing more effectively [13]. Increasing amount of informa-
tion flow are impacting daily life of individuals, business conducted across indus-
try, and government operations [3]. Expansion of digital information introduces
several challenges related to complexity of data management, storage, privacy,
processing and transfer. These challenges are also seen in utilizing information
for decision making. In order to leverage this abundant, raw, digital informa-
tion, military must keep abreast with advanced data-driven technology to meet
mission requirements.
? This work was supported by Army Research Laboratory (ARL) Grant# W911NF-
18-2-0043.



Modern military’s Multi Domain operations (MDO) can potentially utilize
Internet of Things (IoT) technology connecting land, water, air, space and cy-
berspace in a cohesive network [10,2,1]. This increases situational awareness and
risk assessment, reduces response time, and can help prepare military for the fu-
ture battlefields. IoT devices capture and consolidate data from multiple sources
allowing the full realization of C2 (Command and Control) system to provide
situational awareness [36]. This combined information gathered by a range of
heterogeneous IoT devices can give an edge for potential strategic advantages.

IoT allows collection and dissemination of digital information by deploy-
ing several devices which output massive amount of data [39], [40]. Data related
technologies provide IoT solutions to help industry and government to make bet-
ter decisions by exploring underlying data regularities and revealing patterns,
and provide an early warning to act upon possible threats (malware, terrorism,
fraud, etc.) [4]. This allows military to take agile, perceptive, resilient, and re-
liable decisions in timely manner to meet mission requirements. We seek out
to address questions: How to tailor information for transmission over a com-
promised network and retain most of it in the process with the goal of enabling
decisions? How to model complex systems, detect and understand issues, and
improve transmission?

Moreover, growing number of cyber-attacks put sensitive information at risk
[32]. Information is a strategic asset for government organizations, and they need
to protect it for national security [35]. Recently Mirai botnet malware launched
a distributed denial of service (DDoS) attack causing much of the internet inac-
cessible on the U.S. east coast [11]. With the Army’s growing dependency on IoT
devices and the possible failure of current technology to keep up with the cy-
ber security, C2 operations are susceptible to cyber-attack from possible threats
capable of compromising IoT devices to exterminate multi-domain operations
by injecting false or compromised information [18]. Hackers are developing new
variants of IoT-focused malware with alarming regularity. Due to potentially
sensitive nature of IoT datasets, Blockchain technology is used to facilitate se-
cure sharing of IoT datasets, which allows digital information to be distributed,
but not copied [26]. However, bloackchain has several limitations related to com-
plexity, scalability, and excessive energy consumption [27]. In order to leverage
communication in C2 systems and to address the raised questions, we propose
a sensor signal to image encoding approach to modify information (signal) by
transforming it to an image which is invertible and easier to visualize [38].

Future military combat suits, helmets, weapons, and other equipment will be
embedded with sensing and computing devices. These devices not only provide
real-time interaction between soldiers and commanding officers in combat zones,
but also help understand the psycophysical condition of soldiers. Modern devices
are capable of collecting various aspects of biometric forensics, such as, data with
facial, fingerprint, heart beat, body temperature, etc. attributes. Consolidating
data from disparate sensory devices can provide more consistent, accurate and
relevant information helpful in understanding the state of mind and cognitive
load during tasks.
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One of the main goal of this paper is to investigate multi-sensor fusion ap-
proach producing combined data for improved accuracy and reduced uncertainty
in channeled information [22]. A controlled exploitation of this approach can
reduce cognitive load of soldiers, improve decision making, and establish a bet-
ter soldier-machine (IoT devices) interaction; essential and ideal conditions for
mission success. The purpose of proposed multi-sensor fusion and signal-image
encoding approaches is to transform senseless and unstructured data into struc-
tured data from which meaningful information can be extracted to be used as
actionable insights that enable intelligent military decision-making [36].

In Section 2, we provide background and relared work. In Section 3, we
define CJSD kernels and related research literature. In Section 4, we describe
experimental data. In Section 5, we explain our signal-image encoding approach.
In Section 6, we describe why we choose performed experiments. In Section 7, we
provide a comparative analysis of results obtained with our experiments. Finally,
we conclude our contribution with a summary of results in Section 8.

2 Background and Motivation

Potential of massive amount of data generated from a multi-sensor data fusion
approach has limited value if it cannot be correlated with some context [25]. This
plethora of information can be used in a context-based paradigm to improve per-
sonnel authentication accuracy using aforementioned biometric forensics. There
can be added challenges to confirm identities of individuals in the fast pace
environment that future soldiers might face. Because timing is crucial for mis-
sion success, suspicious and potential targets can be identified and neutralized
instantly with Edge Computing [12].

The goal of this study is to measure the influence different aspects of human
state have on how a person makes gestures. These data were collected with the
sole purpose of training machine learning algorithms to automatically detect the
onset and offset of separate gestures in a series.

Research literature presents examples where multi-sensor data fusion tech-
niques were implemented in different application domains. One paper proposed
a smart home system with wearable intelligent technology, artificial intelligence,
and multisensor data fusion technology [14]. A 3D gesture recognition algorithm
was developed to recognize hand gestures. Another work presented a human ac-
tivity recognition example using wearable and environmental sensor data fusion
approach [29]. Furthermore, examples of Human-Computer-Interaction (HCI)
for sign language and gesture recognition have been proposed within a multi-
sensor fusion framework [19], [20].

Our work extends beyond the multi-sensor data fusion by introducing signal-
image encoding scheme which transforms each fused data point into an image
as described in Section 5. Research literature presents many examples of signal
to image transformation techniques [45,15]. Our contribution is an information
encoding approach which has multiple advantages; transformed data preserves all
information, generated image files are small in size thus can easily be transferred
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over internet, transformed data is invertible and easier to visualize. Therefore,
we can retrieve original signal from encoded image without requiring a key.

For image data obtained from signal transformation, we explore Transfer
Learning approach which uses the pre-trained weights of a large image dataset
[30]. This emerging approach has gained popularity in recent years and it intends
to improve the performance of a neural network trained on a small dataset. For
fusion sensor (signal) data, we explore recently introduced information theo-
retic kernels, Chisini Jensen Shannon Divergence (CJSD) and its metric ver-
sion, Metric-Chisini Jensen Shannon Divergence (M-CJSD), known for their
utility to tease apart data classes with discernible differences in Support Vector
Machine (SVM) classification [37,42,41,43,39,40]. For benchmarking, we imple-
ment a multi-layered Deep Neural Network (DNN) model and tune it on a large
hyperparameter grid. Furthermore, we explore a number of novelty detection
techniques for their ability to identify anomalous observations which deviate
significantly from the majority of data in contrast to classification models which
assign predicted classes into groups. We perform a comparative analysis of em-
ployed models and measure their performances in terms of classification accu-
racy, sensitivity and specificity. Moreover, we compute confusion matrices for
comparative analysis of our models. We evaluate all implemented methods on
hand gesture datasets described in Section 4.

3 Family of CJSD and M-CJSD Kernels

Let, P={pi}Ni=1, and Q={qi}Ni=1 be two probability distributions, where pi and qi
are the respective probabilities associated to the ith state (possible values). The
family of CJSDs is defined in [37] with the following expression:

CJSD(P ||Q) =
1

2

[
N∑
i=1

pi log
pi
Mi

+
N∑
i=1

qi log
qi
Mi

]
(1)

where, M is the mid-point of distributions pi and qi. If M is the arithmetic
mean, equation (1) becomes Jensen-Shannon divergence (JSD). This modified
CJSD is useful when distributions are similar and it is hard to distinguish them.
A further modification was proposed in [40] which extends CJSDs to exploit the
metric properties of JSD. Metric-Chisini-Jensen-Shannon divergences (M-CJSD)
is defined as:

M -CJSD(P ||Q) =
√
CJSD(P ||Q) (2)

Some M-CJSD based kernels are:

KAmplified = M-CJSD(P ||Q)e−
|xi−xj |2

2σ2 (3)

KScaled = e−M-CJSD(P ||Q)
|xi−xj |2

2σ2 (4)

KAmplified-Scaled = M-CJSD(P ||Q)e−M-CJSD(P ||Q)
|xi−xj |2

2σ2 (5)
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Likewise, replacing M-CJSD with CJSD in (3), (4) and (5), we get CJSD
based kernels. In this paper, we study these kernels for Arithmetic, Geometric,
and Harmonic (AM, GM, HM) means. Therefore, we employ AM, GM, HM for
Amplified, Scaled, and Amplified-Scaled kernel versions for both M-CJSD and
CJSD. This results in a total of 18 kernels.

4 Gesture Myo Data

Fig. 1: Experimental Design.

As we set out to investigate how soldiers’ can increase situational awareness
by using gestures in military operations, our data came from physiological ex-
perimentation, however, this paper is focused on use by soliders versus medical
doctors [8]. Gesture datasets were collected by a Myo armband, made by Tha-
lamic Labs(Figure 2). The device contains an inertial measurement unit (IMU)
and electromyography (EMG) sensors to measure changes along the up-down,
left-right, and front-back axes and changes in muscle activity, respectively. These
measurements are based on electrical stimulation created by flexing forearm mus-
cles coupled with a 9-axis IMU, which in fact is comprised of 3-axis gyroscope,
a 3-axis accelerometer, and a 3-axis magnetometer to track arm movement.
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Table 1: Data from all sensors in the experiment
Sensor Name Channel

Electromyogram (EMG) 1− 8
Accelerometer 9− 11
Gyroscope 12− 14

Myo Pose Classification 15
Class Label (gesturing or not gesturing) 16

Fig. 2: The Myo armband used in actual
experimentation with associated IMU
axes and EMG sensor positions.

The goal was to develop an algorithm
that can automatically provide the
likely start and stop indices of each
gesture segment enabling the pars-
ing of (and labeling of) gesture data
from the actual experiment for fur-
ther analysis and modeling. Subjects
wore the Myo armband on their left
arm and performed a series of NATO
gestures one after the next accord-
ing to a display on a screen in front
of them. The display was run in the
Unity game engine. Subjects relaxed
their arm in between gestures. Timing
information of the visual display and data from the Myo armband were recorded
and synchronized through custom code using LabStreamingLayer (LSL) [17].
This synchronization produced a data frame (Table 1), that enabled analyses
of all data within the same time-space (Figure 1). Detailed description of the
experimental design is given in [21].

5 Signal-Image Encoding

We consolidated 3-axis accelerometer, 3-axis gyroscope from IMU, and 8-axis
EMG to produce a fused signal of length 14. After preprocessing, our data con-
sisted of a total 38507 instances, with 24845 instances of no gesture, and 13662
instances of gestures. Each instance represented a signal, derived from the 3
different sensors (Accelerometer, Gyroscope, EMG). This resulted in a channel
of length 14. In our experiment, we used the channel at each axis as a feature.
Therefore, our data instances were vector valued in 14 dimensions.

Because we are dealing with short signals of length 14 each, in order to
produce an image of size 4 × 4, we make it of length 16 by by adding 2 zeros
at the end. This is called Zero Padding which is useful in many applications
allowing us to increase the frequency resolution arbitrarily. This is like treating
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a signal as if the short burst is followed by silence and does not impact our data
significantly. However, for a long zero padding a reasonable approximation of
the actual note is required. Next, we scale each signal between 0-255, and then
use Python Imaging Library (PIL, aka Pillow) library to save encoded signal as
an image.

Fig. 3: Illustration of data originated from the Myo de-
vice and Unity gesture experiment program. Square
wave wraps cleanly around the rest of the data, shown
as noisier channels within the square wave.

In order to com-
pute texture features,
we use GIST de-
scriptor which uses
a wavelet decomposi-
tion of an image [28].
After preprocessing,
our data consisted of
a total 36140 sam-
ples with 23043 no
gesture, and 13097
gestures. An image
has 1 GIST descrip-
tor of 512 dimensions.
Therefore, our data
consisted of a total
36140 instances, each
representing a single GIST descriptor of 512 dimensions. Data thus obtained
poses challenges with high dimensionality (Figure 4).

Fig. 4: (Left) Original signal data (Right) Image data after transforming signal.

6 Experiments

In order to detect if a gestures was made, we explore classical machine learn-
ing, deep learning, transfer learning, and anomaly (novelty) detection approaches
mentioned in Section 1. We validate applied methods on fused sensor data (which
we call signal data), on images obtained with our signal-image encoding scheme,
and on GIST features (Section 5). For all of our experiments, we build a bi-
nary classification problem by doing 80:20 percent data split into train and
test/validation datasets, and label data instances as Gesture and No-Gesture.
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Table 2: Model summary of trainable parameters

Layer (type) Output Shape Param #
resnet50 (Model) (None, 8, 8, 2048) 23587712
flatten_1 (Flatten) (None, 131072) 0
dense_1 (Dense) (None, 1024) 134218752

dropout_1 (Dropout) (None, 1024) 0
dense_2 (Dense) (None, 2) 2050

Total params: 157, 808, 514
Trainable params: 135, 275, 522
Non-trainable params:22, 532, 992

For the initial set of
experiments we em-
ploy transfer learn-
ing approach. This
requires selection of a
suitable a pre-trained
model. For this pur-
pose, we tried differ-
ent pre-trained mod-
els from the list of
available models for

image classification with weights trained on ImageNet (Xception, VGG16,
VGG19, ResNet, ResNetV2, InceptionV3, etc.) [9]. Our experiments show that
all models give similar classification results, therefore, we report results only for
ResNet50. A summary of the trainable parameters of the model is provided in
Table 2. We fine-tune the model by tweaking its parameters for our data and
freeze all of the layers except the last 4 convolutional layers which we use for
training. Fine-tuning avoids limitations of model by not training from scratch
on small data and saving training time (because less parameters will be updated
in training). We evaluate model performance by computing validation accuracy
and validation loss.

For the next set of experiments, we explore the performance of CJSD and
M-CJSD kernels in SVM classification (mentioned in Section 2), and that of
DNN on both, the signal data and the GIST features. We estimated probability
densities of CJSDs and M-CJSDs using multivariate kernel density estimation
(KDE), a nonparametric approach, on each dataset [34,31,44]. This distribution
is defined by a smoothing function and a bandwidth value that controls the
smoothness of the resulting density curve. Results were validated through 10-
fold nested cross-validation on the randomized datasets constructed from binary
classification problem. It is important to note that datasets used in experiments
for each type of CJSD and M-CJSD kernel (A.M., G.M., H.M.) were randomized
using unique random number seeds. For fair comparison, we tested RBF kernels
with the same randomized datasets. This resulted in a total of 21 kernel versions
(3 for RBF and 18 explained in (Section 3).

For DNN hyperparameter tuning, we searched over a large grid with Batch
Size, Epochs,Optimizer, Learn Rate,Momentum, Initial Mode,Activation,Dropout
Rate, Weight Constraint, and Neurons. DNN and radial basis function (RBF)
kernel kernel are used as the performance benchmark for comparison with CJSD
and M-CJSD kernels. We report the classification results with sample mean and
standard error in error bar plots (see Section 7).

For GIST data, we employed PCA and used Pareto charts to select the top
k principal components that explained over 99% variance [16]. This resulted in
a dimensionality of 20. For visualization, we employed t-SNE [24] (Figure 5) .

Our goal is to increase confidence in decision-making in military operations
using our model’s ability to detect gestures correctly for soldiers being able to
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Fig. 5: (Left) PCA scatter and pareto plots. Notice the thick blue line corre-
sponding to explained variance of 76% for 10 principal components. (Right)
t-SNE scatter subplot. Best seen in color.

decide whether a new observation belongs to the same distribution as existing
observations (inlier), or should be considered as different (outlier). Therefore, for
the final set of experiments, we prepare our training data which is not polluted
by outliers and detect whether a new observation is an outlier. In this context
an outlier is also called a novelty. We perform anomaly detection by training
the model only on the positive (known) class dataset and predicting negative
(unseen) classes. Out of many available algorithms for anomaly detection, we
choose One-class SVMs [6], Isolation Forests [23] and Gaussian Mixture Model
(GMM) [33]. We use isotonic regression to convert the output of the GMM to a
probability score. We train our models on No-Gesture as a positive class and use
it to predict Gesture as a negative class. We evaluate models’ performances by
comparing their respective sensitivity (true positive rate) and specificity (true
negative rate) along with confusion matrices.

We used LIBSVM library in MATLAB to employ aforementioned kernels [5].
For all other experiments and data preprocessing, we used the latest versions of
Python and Keras framework with TensorFlow as a backend [7]. Our computing
system consisted of 128 GB RAM for CPU, and NVIDIA Quadro P3200 6144MB
- Memory Type: GDDR5 (Samsung). Performance in terms of time taken to run
by each model is reported in Table 3.

7 Results

7.1 Classification

Transfer Learning achieved 64.52% average accuracy with 4.84 loss on validation
set (Figure 6). For signal data, kernels and DNN achieved classification accuracy
ranging between 70%-88%. For GIST data, it ranges between 63.76%-67.60%.
Among all tested methods, each except scaled_AM gave higher classification ac-
curacy on signal data in comparison to GIST data (≈ 67%) with statistical signif-
icance at the 95% confidence level (Figure 7). We use the overlap in confidence in-
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Fig. 6: Fine tuning with weights trained on ResNet50 model by freezing all the
layers except the last 4 layers we obtain (Left) Training and Validation Accuracy
(Right) Training and Validation Loss.

tervals to check the statistical significance. As the intervals do not overlap, there
is at least 95% confidence (with p-value at the p < 0.05 level of significance).

Table 3: Comparison of models’ performance

Model Data Platform
Time taken to run the model

(Hours-Minutes-Seconds)
Transfer Learning Image GPU 1 : 24 : 37

DNN GIST GPU 3 : 45 : 07

DNN Signal GPU 3 : 53 : 06

CJSD, M-CJSD, RBF
Kernels in SVM

GIST CPU 9 : 57 : 00

CJSD, M-CJSD, RBF
Kernels in SVM

Signal CPU 7 : 18 : 00

Anomaly Detection
(One-class SVM,

Isolation Forest, GMM)

Signal and
GIST CPU < 25 seconds

On the other hand,
run-time comparison
shows that CJSD and
M-CJSD based ker-
nels outperform DNN
significantly. Because
we tested 21 kernels
in total, approximate
time taken by each
kernel is between 20-30 minutes for both GIST and signal datasets. Time can
be computed by dividing total time with 21 from Table 3.

7.2 Novelty Detection

Table 4 summarize results from anomaly detection approaches described in Sec-
tion 6. Models were trained on Gesture instances. Among all tested methods,
for signal data, Isolation Forest achieves the highest accuracy of 90.51% with
100% sensitivity (blue). Moreover, for both signal and GIST datasets, GMM
with Isotonic Regression achieves very similar results with respective accuracy
of 90.09% and 89.79% and 100% sensitivity (green). Thus, with our proposed
signal-image encoding approach; we were able to perform detection task while
preserving most of the information in data transformation. It is also to signif-
icant that GMM was able to achieve higher accuracy over kernels and DNN.
Figure 8 provides corresponding confusion matrices. For signal data, notice that
Isolation Forest was able to detect all 24844 Gesture instance correctly with
only 1 misclassification. On the other hand, for both signal and GIST datasets,
GMM with Isotonic Regression was able to detect all 24845 and 23043 Gesture
instances correctly with 0 misclassifications, however, with comparatively low
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Fig. 7: Error bars show accuracy achieved by CJSD, M-CJSD, RBF kernels in
SVM classification and DNN for sensor (green), GIST with image resized to
256 × 256 (blue), and GIST with original 4 × 4 image (orange). Results are
reported for 3 randomized data versions (AM,GM,HM) for CJSDs and M-
CJSDs. For signal data (green), notice that DNN and all metric CJSD kernel
version except its scaled version outperform other kernels achieving around 88%
average accuracy. RBF performs the same for each randomized data version
achieving around 82% average accuracy. For GIST features (orange and blue),
the highest accuracy achieved by some kernels is around 67% and for DNN it is
around 66%. Finally, notice the high standard error for DNN and some kernels.

false positives. Also, notice that anomaly detection methods took comparatively
much less run time (of the order of a few seconds) than did other classical and
deep learning methods (Table 3).

Table 4: Anomaly detection results after training on Gesture instances as ex-
plained in figure 8. Best model is colored in blue.

Accuracy Sensitivity Specificity
On sensor fusion (signal) data model

One Class SVM 5.96% 1.02% 50.86%
Isolation Forest 90.51% 100% 4.32%

GMM with Isotonic Regression 90.09% 100% 0%
Using GIST feature descriptors

One Class SVM 44.64% 44.11% 49.27%
Isolation Forest 86.91% 96.51% 2.44%

GMM with Isotonic Regression 89.79% 100% 0%
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Fig. 8: (Left to Right) Confusion matrices for One Class SVM, Isolation Forest
and GMM with Isotonic Regression trained on 80% Gesture instances, and tested
on 20% Gesture + 100% No-Gesture instances with features extracted from
(Above) fusion sensor (signal) data (Below) GIST Feature descriptor.

8 Conclusion

In this paper we made several contributions concerning the challenges to analyze
signal data originating from multiple sources. In particular, we adopted a multi-
sensor data fusion approach using IMU and EMG sensors to leverage abundant,
raw, digital information for strategic advantage. Impetus behind our research
arise from growing consideration of potential use of Internet of Things (IoT)
devices in military’s Multi Domain operations (MDO).

Massive data generated from IoT devices allows the full realization of sys-
tem to provide situational awareness. In order to leverage communication in
C2 (Command and Control) systems, and limitations of Blockchain technol-
ogy which is commonly used to facilitate secure sharing of IoT datasets, we
introduced a signal-image encoding approach to modify information (signal) by
transforming it to an image which is invertible and easier to visualize. We pro-
posed zero padding to address the challenges of very short signals in conver-
sion. Significance of multi-sensor fusion and signal-image encoding approaches
is to transform senseless and unstructured data into structured data from which
meaningful information can be extracted to be used as actionable insights that
enable intelligent military decision-making. In general, our approach is applicable
to military environments where IoT devices maybe used.
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Moreover, we investigated the challenge of enabling an intelligent identifica-
tion and detection operation and demonstrated the feasibility of the proposed
Machine Learning, Deep Learning and Anomaly Detection models to support a
detection and identification of hand gestures. We evaluated all methods on hand
gesture datasets before and after signal-image encoding, and extracted GIST
descriptors from images. Results from anomaly detection with GMM + Isotonic
Regression confirmed that it achieved statistically significantly similar accuracy
for both, signal and GIST datasets. Thus, our proposed encoding approach was
able to perform detection task while preserving most of the information in data
transformation. It is also showed that GMM was able to achieve higher accuracy
over classical and deep learning methods. Another virtue of tested anomaly de-
tection methods is associated extremely low computational complexity in terms
of time and memory over other classification approaches (Table 3).

Future work will extend our analysis to a more complex heterogeneous IoT
environment. We will investigate the impact of governing parameters (IoT topol-
ogy, connectivity, security, etc.) on model performance for data fusion. In this
work we addressed the challenges of signal-image encoding arising from very
short signals. We will explore methods to encode short signals for secure infor-
mation transformation via wireless network to support decision making..
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