applied
sciences
Article

Fast Self-Adaptive Digital Camouflage Design
Method Based on Deep Learning
Houdi Xiao, Zhipeng Qu *, Mingyun Lv, Yi Jiang, Chuanzhi Wang and Ruiru Qin
School of Aeronautic Science and Engineering, Beihang University, No. 37 Xueyuan Road, Haidian District,
Beijing 100191, China; xhdbuaa@buaa.edu.cn (H.X.); lv503@buaa.edu.cn (M.L.); jiangyi312@buaa.edu.cn (Y.J.);
wangchuanzhi@buaa.edu.cn (C.W.); qrraxsy@buaa.edu.cn (R.Q.)
* Correspondence: quzhipeng@buaa.edu.cn
Received: 20 June 2020; Accepted: 28 July 2020; Published: 30 July 2020




Abstract: Traditional digital camouflage is mainly designed for a single background and state.
Its camouflage performance is appealing in the specified time and place, but with the change of
place, season, and time, its camouflage performance is greatly weakened. Therefore, camouflage
technology, which can change with the environment in real-time, is the inevitable development
direction of the military camouflage field in the future. In this paper, a fast-self-adaptive digital
camouflage design method based on deep learning is proposed for the new generation of adaptive
optical camouflage. Firstly, we trained a YOLOv3 model that could identify four typical military
targets with mean average precision (mAP) of 91.55%. Secondly, a pre-trained deepfillv1 model
was used to design the preliminary camouflage texture. Finally, the preliminary camouflage texture
was standardized by the k-means algorithm. The experimental results show that the camouflage
pattern designed by our proposed method is consistent with the background in texture and semantics,
and has excellent camouflage performance in optical camouflage. Meanwhile, the whole pattern
generation process takes a short time, less than 0.4 s, which meets the camouflage design requirements
of the near-real-time camouflage in the future.
Keywords: adaptive camouflage; convolutional neural network (CNN); k-means; object detection;
image completion; machine learning; saliency detection

1. Introduction
Camouflage is the most common and effective means to combat military reconnaissance [1,2].
It can conceal military equipment in natural environments. With the development of camouflage
technology, optical camouflage has evolved from deformable camouflage to digital camouflage [3].
However, traditional digital camouflage is mainly designed for a single background and state [4].
In the traditional digital camouflage design method, the colors are only the main color of a specific
environment, and the texture is formed by the non-random algorithm arrangement of finite pattern
templates [5]. The traditional way of realizing digital camouflage is to coat the equipment surface with
camouflage paint according to the designed camouflage texture or to wear or cover the fabric with
camouflage texture. There is a limitation that the camouflage performance of a specified time and
place is appealing, and the camouflage performance is greatly weakened when the location, season,
and time changes. Cross-region, multi-season, multi-period camouflage has become a new military
demand for modern weapons and equipment. Therefore, the camouflage technology, which can
change with the environment in real-time has become the inevitable direction of the development
of the military camouflage field. During the last decades, much effort has been directed toward
achieving this goal. To realize multi-region adaptive camouflage, texture and color must not be fixed,
real-time camouflage texture is designed according to the changes in the environment. Different from
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the traditional camouflage, the implementation way needs to use a controllable multi-color variable
material. By fabricating the controllable color-changing material into color-changing units embedded
on the surface of the camouflaged target, just like the cells that make up the chameleon’s skin, we can
refer to the whole device as camouflage skin. The external control system controls the camouflage skin
to display the design’s camouflage texture.
Researchers find inspiration from nature. It is well known that there are loads of animals in
nature with excellent camouflage abilities, such as cephalopods (like squid and cuttlefish) [6–9],
chameleons [10], some insects [11], and so on. These animals have amazing control over their
appearance (such as color, contrast, pattern). The principle of animal camouflage is to use the nervous
system to sense changes in the environment and control the cells on the skin to change into different
colors and textures according to the environment. Inspired by the principle of animal camouflage,
researchers have designed various types of color-changing devices or camouflage samples [12–14],
to mimic cells on the surface of the animal’s skin. Single material for all colors has been reported [15–17];
it is an inverse polymer-gel opal which is prepared from an electroactive material. It can be stimulated
by an electric field to change colors. In addition, devices that use magnetic field stimulation to
achieve color changes have also been reported [18]. A mechanical chameleon based on dynamic
plasmonic-nanostructures has been designed [14]. At present, most researchers focus on the technology
of controllable color change, but there are few reports on the design method of new generation
self-adaptive camouflage texture [19].
As one of the key technologies of adaptive optical camouflage, the study of adaptive camouflage
texture design has important theoretical and practical significance. In this paper, the design method
of adaptive camouflage texture for typical military targets in the natural environment is studied.
With the development of computer vision technology, deep learning has been applied to various image
processing scenarios. It has been used for image classification [20–22], object detection [23–25], image
segmentation [25–28], image completion [29–31], and so on, and has achieved a series of amazing
results. However, there are few reports on the application of the current achievements of deep learning
to the field of military camouflage. We wondered if deep learning could be used to mimic the way
that the animal’s nervous system senses the environment and controls skin cells to change color and
texture. Hence, we proposed a fast-self-adaptive digital camouflage design method based on deep
learning. The method can realize the recognition of camouflage target and the design of adaptive
camouflage pattern in near real-time. Firstly, we used the YOLOv3 algorithm to realize the recognition
of typical military targets. Secondly, we used the deepfillv1 algorithm to realize the preliminary design
of adaptive camouflage texture. Finally, the k-means algorithm was used to realize the standardization
of adaptive camouflage texture. The experimental results showed that the camouflage pattern designed
by our proposed method is consistent with the background in texture and semantics. It has excellent
camouflage performance in optical camouflage. The whole process took less than 0.4 s. All experiments
are implemented on Python3.6, TensorFlow v1.6, CUDNN v7.1, CUDA v9.2, and run on hardware
with a CPU Intel Core I7-9700F (3.0 GHz) and GPU RTX 2080 Ti. The proposed camouflage pattern
design method has potential application value in future real-time optical camouflage.
2. Literature Review
Military camouflage colors and patterns have evolved throughout history to improve their
effectiveness, with each variant designed for a specific environment. Therefore, camouflage patterns
are only effective in areas where the local background remains relatively constant. For a military
system to operate in a variety of environments, its camouflage must be adjusted accordingly [32].
As a result, researchers around the world are beginning to design adaptive camouflage techniques
that can change the color and texture of surfaces, like chameleons or octopuses, depending on their
environment. Some researchers propose to project the collected background image on the surface of
the target to achieve the purpose of camouflage. Inami et al. [33,34] designed an active camouflage
system. The system first obtains the real-time background image through the image acquisition device
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installed on the back of the target and then projects the display scheme calculated from the observer’s
perspective onto the target surface with reflective materials. Morin et al. [13] used microfluid network
technology to prepare a soft camouflaging robot. It could change the color, contrast, pattern, apparent
shape, luminescence, and surface temperature. The researchers changed the robot’s color, pattern, and
so on by filling the tiny tubes with different colored liquids. Pezeshkian et al. [32] proposed the use of
gray-level co-occurrence matrices to synthesize a texture similar to the background. Then, the texture is
displayed on the surface of the battlefield reconnaissance robot by electronic paper display technology
to achieve the purpose of camouflage. Inspired by the skin discoloration principle of cephalopods,
Yu et al. [35] used a thermochromic material to prepare a photoelectric camouflage demonstration
system that could transform between black and white. The color-changing material is colorless and
transparent when the temperature is higher than 47 ◦ C, and black when the temperature is lower
than 47 ◦ C. By controlling the temperature of each unit, the researchers can display different patterns.
Unfortunately, only black and white patterns can be displayed. Wang et al. [14] used the adjustable
plasmon technology to prepare a color-changing device that could cover the whole visible band and
then developed a bionic mechanical chameleon. The mechanical chameleon could sense color changes
in its environment and actively change its own color to match the color of its environment. It is
a pity that the author did not study the design method of camouflage texture. So far, researchers
have focused on how to design and implement color change, but few have studied how to design
appropriate adaptive camouflage textures. The existing researches on camouflage texture mainly focus
on traditional camouflage texture. For example, Xue et al. [5] designed digital camouflage textures
based on recursive overlapping of pattern templates. Zhang et al. [36] proposed a digital camouflage
design method based on a space color mixing model. The model can simulate the color-mixing
process in the aspects of color-mixing order, shape, and position of color-mixing spot. Jia et al. [37]
proposed a camouflage pattern design method based on spot combination. The core idea of the above
design method is random or non-random arrangement of finite templates. Due to the simplicity
of the template, these traditional design methods cannot meet the needs of the new generation of
adaptive camouflage texture design. Therefore, it is necessary to study the design method of adaptive
camouflage texture.
3. Methodology
3.1. Outline of Proposed Method
The essence of optical camouflage is to make it impossible for human eyes or optical cameras
to distinguish a target from its environment. This is similar to target removal in image processing.
Inspired by this, we applied the image completion algorithm to the design of camouflage texture.
In this paper, we provide a quick method based on the convolutional neural network to generate
adaptive digital camouflage. The flowchart of our method is shown in Figure 1. To achieve camouflage
of the target, we need to identify the target that needs camouflage. First of all, we used the YOLOv3 [38]
algorithm to conduct recognition model training for four typical military targets. After adjusting the
hyper parameters, we obtained a model with good recognition probability. Secondly, we masked the
target area and entered it into the deepfillv1 [39] model that was pre-trained by places2 [40] for image
completion. In this step, we obtain the preliminary camouflage texture. Thirdly, we used the k-means
algorithm to calculate the main color of the filled area and compared it with the military standard color.
The most similar color in the standard was selected as the main color, and the corresponding color
was replaced. At this point, we have the final adaptive camouflage texture. The digital camouflage
generated by this method is consistent with the texture of the surrounding environment. This method
can generate visually plausible camouflage pattern structures and textures.
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Figure 1. Outline of proposed digital camouflage design method.

3.2. Dataset
In this paper, the Imagenet2012 [41] and Places2 [40] data sets were used. The Imagenet2012 [41]
dataset consists of over 1.28 million images, containing 1000 categories, with the number of images
per category ranging from 732 to 1300. Four typical military target images were selected from the
ImageNet2012 [41]. This dataset was segmented into a training and test set. The four typical targets are
airships, aircraft carriers, tanks, and uniformed soldiers. A total of 2187 images were selected from the
dataset, of which 1970 were used for training and 217 for testing. There are no less than 500 pictures in
each category. Table 1 shows the number of train and test images for the different categories. Figure 2
shows one sample for airships, aircraft carriers, tanks, and uniformed soldier images, which was
selected from Imagenet2012.

Figure 2. Data samples from the Imagenet2012 dataset. (a) airship; (b) aircraft carrier; (c) tank; (d)
uniformed soldier.

The Place2 [35] dataset contains more than 400 different types of scene environments and 10
million images. Basically, covering people’s common scenes. Figure 3 shows one sample for forest,
desert, grassland, and snowfield environment images, which was selected from Places2.
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Table 1. Details of the training and test set.
Category

Training Set

Test Set

Airships
Aircraft Carriers
Tanks
Uniformed Soldiers
Total

459
455
496
560
1970

50
50
55
62
217

Figure 3. Data samples from the Places2 dataset. (a) forest; (b) desert; (c) grassland; (d) snowfield.

3.3. Military Target Detection Based on YOLOv3
To achieve camouflage of the target, we first needed to identify the target that needs camouflage.
The YOLOv3 [38] algorithm was used to identify military targets. The Yolo series algorithm is an
algorithm that could detect objects quickly [38,42,43]. The YOLOv3 is the latest version [38]. YOLOv3
can achieve high precision real-time detection, which is very suitable for our application background.
Its network structure is shown in Figure 4. The resolution of the input picture in the network structure
diagram is 416 × 416 × 3 (in fact, it can be any resolution.), and has four labeled classes. It uses
darknet-53, which removes the full connection layer, as the backbone network. The YOLOv3 is a fully
convoluted network that makes extensive use of residual network structures. As shown in Figure 4,
YOLOv3 consists of DBL, resn, Up-sample, and concat. DBL stands for convolution (conv), batch
normalization (BN) and leaky relu activation (Leaky reu). Resn represents the n residual units (res
unit) in this residual block (res_block). Zero padding means using zero to fill the edge of the image.
Up-sampling represents up-sampling. The concat represents the merging tensor. DBL*n represents the
n DBL. The add represents the addition operation. The following y1, y2, and y3 represent feature maps
with three different dimensions.
The network structure of darknet-53 is shown in Table 2. It uses successive 3 × 3 and 1 × 1
convolutional layers and some shortcut connections. The application of the shortcut connection layer
allows the network to be deeper. It has 53 convolutional layers [38].
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Figure 4. YOLOv3 network structure.
Table 2. Darknet-53 [38].

1×

2×

8×

8×

4×

Type

Filters

Size/Stride

Output

Convolutional
Convolutional
Convolutional
Convolutional
Residual
Convolutional
Convolutional
Convolutional
Residual
Convolutional
Convolutional
Convolutional
Residual
Convolutional
Convolutional
Convolutional
Residual
Convolutional
Convolutional
Convolutional
Residual
Avgpool
Connected
Softmax

32
64
32
64

3×3
3 × 3/2
1×1
3×3

416 × 416
208 × 208

128
64
128

3 × 3/2
1×1
3×3

256
128
256

3 × 3/2
1×1
3×3

512
256
512

3 × 3/2
1×1
3×3

1024
512
1024

3 × 3/2
1×1
3×3

208 × 208
104 × 104

104 × 104
52 × 52

52 × 52
26 × 26

26 × 26
13 × 13

13 × 13
Global
1000

The loss function of YOLOv3 consists of localization loss Lossl , confidence loss Lossc ,
and classification loss Lossp . The loss function is as follows:
Loss = Lossl + Lossc + Lossp
λcoord
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q !2
q !2 
q
q
j
j
j
j 

wi − ŵi +
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where λcoord = 5, Iij = 1 when the j th boundary box in cell i is responsible for detecting the object,
j

otherwise 0. x, y, w, h denotes the bounding box parameter, Ci is the box confidence score of the box j
noobj

obj

j

in cell i, λnoobj = 0.5, Iij
is the complement of Iij , pi (c) denotes the conditional class probability of
the box j th in cell i for class c. All the letters with superscript represent the corresponding ground
truth (GT) values.
The learning rate adopts cosine attenuation:
αdecayed = αend + 0.5 ∗ (αinitial − αend ) ∗ (1 + cos(s global /strain ∗ pi))

(5)

where αdecayed denotes the decayed learning rate; αinitial denotes the initial learning rate; αend denotes
the end learning rate; strain denotes the total train steps; s global denotes the global steps.
More details about YOlOv3 can be found in reference [38]. The basic code is online at https:
//github.com/YunYang1994/tensorflow-yolov3. Thanks to Yun Yang for sharing the code.
3.4. Preliminary Camouflage Texture Design Based on Deepfillv1
The essence of optical camouflage is to make it impossible for human eyes or optical cameras to
distinguish a target from its environment. This is similar to target removal in image processing. Inspired
by this, we applied the image completion algorithm to the design of camouflage texture. This method
could be used to design the camouflage pattern consistent with the real-time background texture.
Deepfillv1 is a generated image inpainting model based on the contextual attention mechanism [39].
It can quickly generate a novel image structure consistent with the surrounding environment.
The framework of deepfillv1 is shown in Figure 5. Deepfillv1 consists of two stages. The first
stage is a simple dilated convolutional network trained with reconstruction loss to rough out the
missing contents. The second stage is the training of the contextual attention layer. The core idea
is to use the features of known image patches as the convolution kernel to process the generated
patches to refine the fuzzy repair results. It is designed and implemented with convolution for
matching generated patches with known contextual patches, channel-wise softmax to weigh relevant
patches, and deconvolution to reconstruct the generated patches with contextual patches. The spatial
propagation layer is used to improve the spatial consistency of the attention module. In order to make
the network produce novel contents, another convolution path parallel to the contextual attention path
is designed. The two paths are combined and fed to a single decoder for the final output. The entire
network is trained end-to-end. The coarse network is trained explicitly with the reconstruction loss,
while the refinement network is trained with the reconstruction, as well as global and local gradient
penalty wasserstein GAN (WGAN-GP) [44,45] losses. The reconstruction loss uses a weighted sum of
pixel-wise l1 loss. The weight of each pixel is computed as γl , where l is the distance of the
 pixel
 to
the nearest known pixel. γ is set to 0.99. The WGAN-GP uses the Earth-Mover distance W Pr , P g for
comparing the generated and real data distributions. Its objective function is constructed by applying
the Kantorovich–Rubinstein duality:
h ~i
~
min maxEx∼Pr [D(x)] − Ex∼P
Dx
G

D

g

(6)
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where D is the set of 1-Lipschitz functions and P g is the model distribution implicitly defined by
~
x= G(z). z is the input to the generator.

Figure 5. The framework of deepfillv1.





The W Pr , P g is as follows:


W Pr , P g =

E(x,y)∼γ
Qinf
γ∈ (Pr ,P g )

h

x−y

i

(7)


Q
where
Pr , P g denotes the set of all joint distributions γ(x, y) whose marginals are Pr and
P g , respectively.
More details about deepfillv1 can be found in reference [39]. The basic code is online at
https://github.com/JiahuiYu/generative_inpainting. Thanks to Jiahui Yu for sharing the code.
3.5. Standardization of Camouflage Texture based on K-means
The initial camouflage texture generated previously, although visually well integrated into the
background, cannot be directly applied to the actual camouflage due to its large amount of colors.
This is partly because it contains too many colors, which makes it difficult to operate in practical
projects. On the other hand, the patterns generated by this method change with the environment,
which leads to a huge increase in color further. Therefore, it is necessary to choose a limited number
of colors as representative colors according to certain standards to replace similar colors, so as to
achieve a balance between camouflage performance and engineering practice. We call this process the
standardization of camouflage texture.
Based on the traditional digital camouflage color extraction method, we used the k-means
clustering algorithm to extract the main color of the camouflage area. Note that extracting the primary
color region here is different from the traditional method. We extract the preliminary camouflage
designed area, while the traditional method is to extract the whole background. The flowchart of the
extraction process of primary colors is shown in Figure 6. The extracted primary color also needs to
meet the following restrictions [5]:
1.
2.

The primary colors should have different brightness so that the camouflage pattern could destroy
the shape of the camouflaged target.
The primary colors should not be too different from the background colors.

The Red-green-blue (RGB), hue-saturation-value (HSV), and Lab color spaces are commonly
used in image processing. The RGB color space is related to devices, it does not reflect the true
nature of human vision. However, the Lab model is a device-independent color system and based
on physiological characteristics. This means that it is a digital way to describe human vision. In this
paper, we chose the Lab color space since it can mimic the human vision system more closely.
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Figure 6. Standardization of camouflage texture4 results.

Figure 6 shows the standardization process for camouflage textures. Firstly, we converted the
color space of the filled area from RGB space to Lab space. Secondly, we needed to initialize cluster
centroid C and number K. Normally, C is set randomly, and K is set to 4 or 5. Thirdly, pixels in the
filled area of the image were classified into different categories according to their distance from the
clustering centroids. Then, the most representative color in each pixel category was selected as the
representative color of each category. According to the geographical environment of the background,
digital camouflage is usually divided into four types—woodland, desert, ocean, and urban camouflage.
According to a large number of data and actual production experience, the standard primary colors of
various digital camouflage are determined. In this study, after determining the representative colors
of the target area, we selected the standard color, which is closest to the representative color as the
primary colors for designing the target camouflage. Finally, we used the standard color to replace the
color of the pixel in the filled area to obtain the self-adaptive digital camouflage texture.
We used the Euclidean distance to calculate the distance between the representative colors and
the standard colors. The distance of one color pair d(r, s) is computed as:
q
d(r, s) =

(Lr − Ls )2 + (ar − as )2 + (br − bs )2

(8)
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4. Results
4.1. Military Target Detection
We used the method described in Section 3.3 to detect typical military targets. Four typical military
target images were selected from the ImageNet2012 [41]. This dataset was segmented into a training
and testing set. The four typical targets are airships, aircraft carriers, tanks, and uniformed soldiers.
A total of 2187 images were selected from the dataset, of which 1970 were used for training and 217 for
testing. There were no less than 500 pictures in each category. Unless otherwise noted, all the original
images in this article about the four typical targets were from Imagenet2012.
The initial training parameters are shown in Table 3. IOUthreshold is the intersection over union
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Figure 7. The total training loss and mean average precision. (a) the total loss; (b) the mAP.
Figure 7. The total training loss and mean average precision. (a) the total loss; (b) the mAP.

Through training, our recognition precision of these four typical targets in different environments
Through training, our recognition precision of these four typical targets in different
reached 91.55% (mAP@.5=91.55%), which highly met our application requirements. Moreover,
environments reached 91.55% (mAP@.5=91.55%), which highly met our application requirements.
this recognition process was just a demonstration. In practical applications, specific databases could
Moreover, this recognition process was just a demonstration. In practical applications, specific
be added according to the actual needs, and the recognition classes and precision could be increased
databases could be added according to the actual needs, and the recognition classes and precision
through retraining (Figure 8). The recognition results of the model after our training are shown in
could be increased through retraining (Figure 8). The recognition results of the model after our
Figure 8. As can be seen from Figure 8, our model could well identify four typical military targets.
training are shown in Figure 8. As can be seen from Figure 8, our model could well identify four
When the resolution of the input picture was 416 × 416, the model detection time was less than 25 ms.
typical military targets. When the resolution of the input picture was 416 × 416, the model detection
time was less than 25 ms.
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Figure 8. Object detection results. (a) airship; (b) aircraft carrier; (c) tank; (d) uniformed soldier.

4.2. Preliminary Camouflage Texture
We used the method described in Section 3.4 to design the initial camouflage texture. Firstly,
we masked the target region detected by the YOLOv3, as shown in Figure 9b. Then, we input the
masked image into the pre-train deepfillv1 model. The weights adopted by deepfillv1 were trained on
the Place2 [40] data set. Places2 is a data set of scene images, containing 10 million pictures and more
than 400 different types of scene environments, which could be used for visual cognitive tasks with the
scenes and environments as application content, meeting our application requirements. We used the
weight files from the literature [39] that were pre-trained on Place2 [40]. Finally, the complete image
was obtained, which is called preliminary camouflage texture, as shown in Figure 9c. It could be seen
from Figure 9 that the generated preliminary camouflage pattern had a texture consistent with the
environment, which could be well integrated into the environment. When the input image resolution
is 416 × 416, the preliminary camouflage texture generation process takes less than 0.2 s.

Figure 9. Preliminary camouflage texture design.
completed image.

(a) original image; (b) masked image; (c)

The more detailed experimental results are shown in Figure 10, where the first column shows the
original images, with rectangular bounding boxes indicating the targets to be camouflaged, the second
column shows the results of the preliminary camouflage texture design.
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Figure 10. More detailed experimental results. (a) airship; (b) preliminary camouflage texture of
the airship; (c) aircraft carrier; (d) preliminary camouflage texture of the aircraft carrier; (e) tank;
(f) preliminary camouflage texture of the tank; (g) uniformed soldiers; (h) preliminary camouflage
texture of the uniformed soldiers.

4.3. Standardization of Camouflage Texture
We standardized the initial camouflage texture using the method described in Section 3.5. As shown
in Figure 11b, the camouflage texture we designed corresponded to the rectangular area where the
target is located. Note that K is set to 5 when discussed later in this article. At the same time, we needed
to design the camouflage texture for the camouflage target’s forward view, backward view, left view,
right view, and top view, respectively. In practice, the texture of the camouflage area needed to be
mapped to the actual target surface. This step could be accomplished with 3D rendering software,
such as Maya or OpenGL, which is not described in this article as it focuses on the design approach.
In this article, we simply mapped the camouflage texture to the camouflage target surface through
a mask to observe its camouflage effect, as shown in Figure 11c. The output camouflage textures in
Figure 11c had an overall optical camouflage effect, where textures and semantics were consistent with
the environment look very naturally.

Figure 11. Adaptive digital camouflage texture. (a) Original image; (b) Rectangular texture area;
(c) Camouflaged images using textures.
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The more detailed experimental results are shown in Figure 12. The camouflage texture generation
process in this paper is different from the traditional one. The traditional camouflage texture was
obtained by random or non-random distribution using finite pattern templates or structural elements
of texture. The camouflage texture generation in this paper is to use the method of image completion
to generate the texture consistent with the current environment. The texture composition of this
paper had no fixed structural elements. It might have been random for the natural environment
like forest or regular for the artificial environment like the city, depending on the state of the current
environment. The texture features come from a lot of training we did on the places2 [40] data set using
the deepfillv1 [39] algorithm. The place2 [40] data set contains more than 400 different types of scene
environments and 10 million images. Basically, it covers people’s common scenes. The deepfillv1 [39]
algorithm, after training on places2 [40], was able to generate a meaningful image consistent with
the background texture of the incomplete image. As shown in Figure 12, camouflage textures are
designed using this method on both natural and artificial backgrounds. In Figure 12, the first column
shows the original images in natural and artificial environments, and the second column shows the
camouflaged image corresponding to the first column. The color of the second column camouflage
texture was not replaced by the standard color. The third column shows the camouflaged image
with the camouflaged texture of the standard color. In Figure 12, the first row shows the camouflage
texture in the natural environment using our method, the second row shows the camouflage texture
in the artificial environment using our method. As can be seen from Figure 12, the camouflage
texture designed using the method we provided has an excellent camouflage effect in both natural
and artificial environments. The camouflage texture in the natural environment is irregular, and the
camouflage texture in the artificial environment has a certain rule, which is consistent with the current
environment. Comparing Figure 12e,f, it is found that the camouflage performance decreased after
filling the camouflage texture with the most similar standard color. This is because the standard colors
we choose are only 30 colors specified in the standard, which is a little different from the main colors
of the current environment. This does not affect the effectiveness of the design method we provide.
With the development of controllable color change technology, we may be able to choose far more than
30 colors in the future. At that time, the camouflage performance of the camouflage texture designed
by this method would be further improved.
When the input image resolution was 416 × 416, the standardization of the camouflage texture
took 0.1 s. All the tests were implemented on Python3.6, TensorFlow v1.6, CUDNN v7.1, CUDA v9.2,
and run on hardware with CPU Intel Core I7-9700F (3.0 GHz) and GPU RTX 2080 Ti. Meanwhile,
the whole camouflage texture generation process took less than 0.4 s. This time could be shortened
significantly with the improvement of the image completion algorithms or the improvement of
hardware performance. We firmly believe that real-time methods will be proposed in the near future.
This shows that the method provided in this paper could quickly generate camouflage texture in
real-time, which could be used in future combat equipment and personnel adaptive camouflage design.
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Figure 12. Camouflage textures in natural and artificial environments. (a) the original image in natural
environment; (b) the camouflaged image corresponding to (a) whose color wasn’t replaced by standard
color; (c) the camouflaged image corresponding to (a) whose color was replaced by standard color;
(d) the original image in artificial environment; (e) the camouflaged image corresponding to (d) whose
color wasn’t replaced by standard color; (f) the camouflaged image corresponding to (d) whose color
was replaced by standard color.

5. Discussion
Visual saliency is the perceptual quality that makes an object, person, or pixel stand out relative to
its neighbors, and thus captures our attention. Therefore, it is a reasonable and effective method to
evaluate the camouflage performance of a camouflaged target by the saliency detection algorithm,
which has been used in many literatures [5,46,47]. In this paper, the frequency-tuned salient region
detection (FT) [48] algorithm, as a classic saliency detection algorithm, was used to quantitatively
evaluate the performance of camouflage texture. The saliency map of the camouflaged target was
obtained after FT algorithm detection. The higher the salience value was, the more conspicuous was
the foreground target, and the weaker was the camouflage effect.
To verify the validity and effectiveness of our proposed design method, we compared the saliency
map of the camouflage texture designed using the traditional design method in the literature [5] with
the camouflage texture designed using the method we provided, as shown in Figure 13. There are five
images in Figure 13, where (a) shows an original image with foreground targets highlighted with red
rectangles, (b) shows the results of camouflaging the targets using the camouflage texture designed
by the existing method [5], (c) shows the results of manually camouflaging the targets using the
camouflage texture designed by the method provided by us, (d) shows the saliency map corresponding
to the image (b), (e) shows the saliency map corresponding to the image (c). As we can clearly see
that the camouflage texture designed with our method has better camouflage performance, since in
Figure 13d, the target contour and the mosaic-like stripe of the camouflage texture can be clearly
distinguished, while in Figure 13e, the camouflage target could hardly be distinguished. Note that all
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images above have the same resolution. This difference is due to the camouflage texture designed by
the method in literature [5] being inconsistent with the background texture and semantics, while the
texture designed by the method we provide is consistent with the background texture and semantics.
This is because we are able to learn features from the surrounding environment using the deepfillv1
algorithm, whereas the existing method is a texture template based on empirical design.

Figure 13. Comparison between our method and an existing method. (a) original image; (b) traditional
camouflage texture; (c) adaptive camouflage texture; (d) the saliency map corresponding to image (b);
(e) the saliency map corresponding to image (c).

As shown in Figure 14, in order to evaluate the camouflage performance of the camouflage
texture designed by our method, we used the saliency algorithm FT to calculate the salience map
of the images before and after camouflage. In Figure 14, the first column shows the original image,
the second column shows the salience map corresponding to the first column, the third column shows
the camouflaged images using a texture designed by our method, the fourth column shows the salience
map corresponding to the third column. As we can see from Figure 14, the designed camouflage
texture satisfies the color condition: (1) the main color has different brightness, and (2) the main color
is not much different from the background color. At the same time, the camouflage texture and the
background have texture and semantic consistency. Therefore, the camouflage texture designed with
the method we provided could blend well into the background.
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Figure 14. Evaluate the performance of the camouflage image using the salience map.

In contrast with the original image, the foreground targets are almost indistinguishable in the
camouflaged image’s salience map, suggesting that the camouflaged targets blend well into the
background and are invisible to human eyes and visible light reconnaissance equipment. At the
same time, we input the camouflaged image into the YOLOv3 model of the previous training for
reidentification. The results show that the target in the camouflaged image cannot be recognized by
the YOLOv3 model. The experimental results show that the adaptive digital camouflage with excellent
camouflage performance could be designed quickly with our design method.
6. Conclusions
Adaptive optical camouflage technology is the inevitable direction of future optical camouflage
technology development. As one of the key technologies of adaptive optical camouflage, the study of
adaptive camouflage texture design has important theoretical and practical significance. In this paper,
a fast-self-adaptive digital camouflage design method based on the neural network is proposed for the
new generation of self-adaptive optical camouflage. First, we used the YOLOv3 algorithm to train
the recognition model of four typical military targets. After adjusting the hyper-parameters, we got
a model with good recognition probability, whose mean average precision (mAP) was 91.6%. Then,
we used the deepfillv1 algorithm to do the preliminary camouflage texture design for the recognition
area. Finally, the clustering algorithm was used to extract the main color of the camouflage target
region, and the most similar color in the standard is used to standardize the color in the initial texture.
The camouflage texture designed by our method was consistent with the texture and semantics of the
real-time background. The whole texture generation process is very short, less than 0.4 s, which could
meet the requirements of near-real-time camouflage design in the future. The saliency detection
results showed that the camouflage texture generated by the proposed method had good camouflage
performance in optical camouflage. At present, the method is effective for camouflage design in
forest, grassland, desert, and other natural environments. But in artificial environment, such as urban
environment, the effect of camouflage design is not very ideal. In addition, there are not many typical
target images available and relevant datasets need to be further collected. In the future, on the one
hand, we will further study how to improve the camouflage design performance of this method in an
artificial environment. On the other hand, the implementation of adaptive camouflage systems will be
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further studied, such as the control system of adaptive camouflage. Nevertheless, this paper proposes
and implements a new idea of adaptive camouflage texture design, which has important potential
application value in future real-time optical camouflage.
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