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Abstract Automatic target detection plays a major role in automated war
operations. The key concept behind automated target detection is military
objects recognition from the captured images. For object recognition in the
given image, Convolutional Neural Network (CNN) is a powerful classifica-
tion network. CNN’s are location invariants and their performance depends
mainly on the size of the training set. The size of the training data is gen-
erally available in less proportion for military objects due to its operational
and security issues. Hence the performance of CNN may degrade sharply. To
address the issue of military objects, a relatively new neural network architec-
ture called Capsule Network (CapsNet) is introduced. Hence, in this article, a
variant of CapsNet called Multi-level CapsNet framework is projected for mil-
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itary object recognition under the case of small training set. The introduced
framework of this paper is validated on a dataset of military objects which
are collected from the internet. The dataset contains particularly five military
objects and the similar civil ones. The proposed framework demonstrates a
large improvement of 96.54% of accuracy for military object recognition. Ex-
periments demonstrate that the proposed framework can accomplish a high
recognition precision, superior to many other algorithms such as conventional
Support Vector Machines and transfer learning based CNNs.

Keywords Object Recognition · Military Objects · Convolution Neural
Network · Capsule Networks · Deep Learning

1 Introduction

In the past few decades, wars rely increasingly more upon cutting edge technol-
ogy, and therefore, the warfare patterns transformed from traditional warfare
to informative warfare, which has become the primary type of present day
warfare. Quick, proficient, and precise discovery of military objects with the
end goal of exact assaults isn’t just a fundamental interest for present day
warfare, yet in addition an essential component for the improvement of early
essential alert systems [1].

Object detection is the foundation for tracking and acknowledging the ob-
jects. All the subsequent operations depends on the quality of the detecting
the objects in an image. As of now, the generally utilized object identification
strategies basically incorporate a few customary ones; for example, feature
matching strategy, background displaying technique, edge division strategy,
techniques dependent on deep learning, just as strategies dependent on visual
remarkable quality. Matching the features technique in the conventional identi-
fication methods, [2],[3],[4] has high recognition exactness and precision, how-
ever it has low independence and low estimation effectiveness, and its items
should be instated physically. Background identification strategies [5],[6],[7]
can accomplish programmed separation of items from the background, how-
ever the foundation and update of models is tedious and dynamic backgrounds
will meddle with the outcomes. Threshold segmentation strategies [8],[9] are
advantageous and proficient for circumstances with normal backgrounds and
noticeable items, yet the recognition impact under complex conditions isn’t
acceptable. To summarize, conventional identification calculations have con-
straints, which make it hard to address the issues of intricate and diverse
situations, in real life scenarios. In addition, these techniques are dependent
upon manual impedance and their versatile capacities are a long way from
being sufficient.

In recent years, there has been a fast and fruitful development on research
issues of computer vision. The domain of computer vision is projected to hit
significantly with diverse applications from video processing. healthcare and
security. Computer vision facilitates the machines with the capacity to see
and outwardly sense their general surroundings, like how people utilize their
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own eyes. Portions of this achievement have come from implementation and
adjusting artificial intelligence techniques, while others from the advancement
of new portrayals and models for explicit computer vision issues or from the
improvement of effective arrangements.

One sub domain of computer vision that has achieved extraordinary ad-
vancement in recent years is object recognition. Object recognition is one type
of computer vision that is acquiring force in both the enterprise and consumer
networks. Given a set of different objects, object recognition comprises in de-
ciding the area and size of all objects that are available in a picture. Hence,
the target of an object recognizer is to discover all objects which occurred at
least one with a given object classes paying little heed to scale, area, present,
see concerning the camera, halfway impediments, and light conditions. Object
recognition is breaking into a wide scope of businesses, with use cases going
from individual security to efficiency in the working environment. Facial dis-
covery is one type of it, which can be used as a safety effort to give just certain
individuals access to a profoundly characterized zone like defence or military,
for instance. It also tends to be utilized to check the quantity of individuals
present inside a predefined war territory to consequently change other spe-
cialized devices that will help smooth out the time committed to fighting. It
can likewise be utilized inside a visual web search tool to help buyers locate a
particular thing they’re on the chase for,for an instance Pinterest is one illus-
tration of this, as the whole social and shopping stage is worked around this
innovation.

In numerous computer vision frameworks, object identification is the prin-
cipal task being preceded as it permits to get additional data in regards to
the recognized item and about the scene. When an object occurrence has been
identified like a face, it is conceivable to acquire additional data, like to per-
ceive the particular object i.e., recognizing the subject’s face, to follow the
item over a sequence of images e.g., to follow the movement of war vehicles in
a video, and to remove additional data about the object. Object recognition
has been utilized in numerous applications, with the most well-known ones
being: interaction between human and computer, robotics, shopper electron-
ics like advanced mobile phones, tracing & tracking the objects in military,
search engines and auto driving vehicles. All these applications have various
necessities, including: processing time (such as online, real-time and off-line),
vigor to faults, and identification in the case of pose changes. While numerous
applications consider the location of a single object from a single view, oth-
ers require the identification of different objects or single object from various
perspectives.

The deep learning based techniques for object recognition [10],[11],[12] can
be applied to different application scenarios, since they are adaptable and
advantageous for displaying from one viewpoint, and are exceptionally differ-
entiated for the discovery and identification of different sorts of objects. This
is the motivation behind why they have been applied to a number of appli-
cations, like the observing and recognizing the vehicles and walkers. In any
case, the detection efficacy of such techniques rely a lot upon the collections,
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especially the huge informational indexes and physically marked informational
indexes, which further requires a lot of computational assets. The human eye
visual mechanism empowers the visual framework to extricate the most fasci-
nating features from the enormous picture information, and thus significantly
improving the proficiency of processing the data. Hence, the visual attention
strategy has progressively become an interesting issue in the computer vision
domain, and in this way dragged the consideration of numerous researchers.
For quite a while, numerous scientists have advanced different strategies to
acquire significant object, for example, Graph-Based Visual Saliency [13], Fre-
quency Tuned detection [14], regional contrast based object detection [15],
cost sensitive Support Vector Machine(SVM) [16], and so forth. Aside from
the previously mentioned strategies and their improved variants, numerous
new object detection techniques by utilizing deep learning have arisen dur-
ing the previous two years, for example, Supervised Salient Object Detection
[17], recurrent fully connected networks[18], whose standards are to produce
saliency maps by the development and preparing of neural networks.

Because of military guidelines on the data to be classified, few efficient
investigations have been done in this field in and out of the country. By con-
cerning those works that have been done recently, it is observed that there is
a need of efficient methodology or system designed for the task of military ob-
jects detection. In order to improve the survivability of weapons and vehicles
which are used in the war they will be camouflaged during the non-war time.
Consequently, disguise, along with perplexing and alterable war zones, really
makes it harder to identify military objects. Considering the qualities and pre-
requisites of military article recognition tasks, by featuring the impersonation
of human visual perception strategy, this paper proposes a methodology for
detecting the military objects. The work of this paper explores the following
parts: a) introducing a new methodology based on Capsule Networks (Cap-
sNet) of deep learning for detecting the military objects in a given image and
b) Collecting a Dataset comprises a sufficient number of military objects to
validate the proposed methodology.

2 Review of Literature

Military is an intensely furnished, exceptionally coordinated power essentially
deliberated for war. It might comprise branches like an army, air force and
naval force. The main aspect in automatic military operations and in mission
surveillance is identifying the target automatically. In military operations, sen-
sors can be put on the ground or mounted on automated aeronautical vehicles
and automated ground vehicles to collect the data. The primary concern be-
hind Automatic target identification is military objects recognition from the
acquired source picture.

The task of detecting the specified objects in a given image has been ex-
plored for quite a long time. It is generally viewed as a classification task
and numerous sorts of techniques have been intended to address this issue
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[19],[20],[21],[22],[23],[24]. In the beginning years, the most acclaimed tech-
nique that is utilized to tackle this issue is the SVM [25], which is configured
to track down a plane that can isolate the objects of various classes. In most
situations, it is elusive to identify the suitable kernels to represent the informa-
tion to a reasonable space with a task that contains pictures from numerous
classes. The primary difficulty is that picture samples are represented with
more number of dimensions and even pictures for similar items can show enor-
mous contrasts because of the impact of changes in postures or perspectives
on point. To take care of this issue, bag of words [26] is created. It extri-
cates highlights that are invariant from unique pictures and groups them into
bag, assuming that a particular word bag addresses a specific semantic idea.
Even the re-examined adaptation of a bag of words that contains spatial data
actually can’t give vigorous features like artificial neural networks.

Concerning neural network strategy, the principal calculation that is broadly
utilized in object detection is LeNet [27]. The structure of LeNet is straight-
forward yet displays great execution in detecting the objects automatically.
Later scientists need to extend the organization to get all the more remark-
able non-linear learning capacity. A new network was created by researchers
called AlexNet [28] by utilizing ReLU activation function and dropouts in the
layers. It makes an achievement of overall object detection, by improving the
accuracy by over 20% contrasted to the best technique around then. After
AlexNet, the techniques are developed in two categories. From one viewpoint,
it has been called attention to that deep network structures assumes the main
part in improving performance of the network [29]. Common works in this
category are VGGNet [30], in which enormous convolutional kernels of size 5
X 5 are supplanted by little portions of size 3 X 3. This change can improve
the detection accuracy and lessen the quantity of boundaries simultaneously,
making it simpler to prepare a deep network. Then again, analysts built up
some more complex neural layers for extracting the features. The most popular
ones are GoogLeNet [31] and residual networks [32]. The first network consoli-
dates a few sorts of convolutional parts together to shape another layer, while
the later one uses residuals rather than general output by adding an alternate
connection from the input to output in every layer. Furthermore, there are a
few works like inception residual network which considers both the points in
order to improve the detection accuracy of the network [33].

The authors of the article [34] depict various strategies for preprocess-
ing, segmentation, and identification of vehicle estimated protests in LADAR
pictures. Five preprocessing techniques are introduced in the article such as
median sifting, two 1-D median filters in sequence, Spoke median filter, Donut
filter, and Outlier discovery and expulsion. Spoke middle and doughnut filters
were essentially not performed well for preprocessing. The remaining filters
functioned admirably. Outlier detectors eliminated the outliers while preserv-
ing edges and little structures in the image. For segmentation, authors have
used four types of area based methods and one method in the category of edge
based techniques. The result of segmentation is contributed as input to object
detection methodology. In the paper two methodologies are proposed by the
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authors. One regular agglomerative grouping approach and one graph based
methodology. Finally, the two of them give similar outcomes. Groups with the
specified tallness, width, and length inside predefined spans are thought to be
potential items. All the techniques were tested by authors on genuine infor-
mation of different vehicles in various scenes. It is hard to reach any broad
determinations. In any case, it appears to be that the area based calculations
perform better compared to the edge based ones. Among the locale based tech-
niques, those dependent on morphology or separating activities perform well
much of the time.

A framework for detection of military objects is proposed by the authors
in [35]. The proposed framework is based on optimal Gabor filtering and deep
feature pyramid networks. As an initial step, consolidation of the texture at-
tributes of military items with the necessities of detection task and projected
the Fine Region Proposal Network (FRPN). A Gabor filter is planned and
screened in the proposed network. They developed the ideal Gabor filter Banks
by dissecting the picture energy after Gabor change of certain pictures in the
dataset, shorting the time of highlight extraction and lessening the measure of
count. At that point, the Renyi limit division strategy is embraced to acquire
the region proposition. At last, the Highly Utilized Feature Pyramid Networks
(HU-FPN) is proposed to improve the recognition impact of small size items.
A base up and a top-down feature pyramid is built in the stage. Through
crossover association and reconciliation of highlights at different scales, the
component articulation of small objects is enhanced and the identification is-
sue of small items is viably settled. The authors claimed that trial results
proved that the strategy proposed has noticeable benefits in exactness, ad-
equacy and small objects recognition when contrasted and the best in class
technique, which can make great conditions for the acknowledgement of fast
and precise recognition of military items and exact strike under military foun-
dation.

The primary goal of the examination [36] is to help the human administra-
tors, by executing intelligent visual reconnaissance frameworks which help in
distinguishing and following dubious or suspected events in the sequence im-
ages of a video. The visual observation framework requires quick and hearty
strategies for identifying and following moving articles. The authors of the
article have explored techniques for distinguishing and following items from
unmanned automated vehicles. Moving items were distinguished utilizing ver-
satile background deduction strategy effectively and these identified objects
were followed by utilizing Lucas Kanade optical stream tracking, Continu-
ously Adaptive Mean-Shift tracking based methods. The video sequences are
changed to tone, immersion and forces which will improve the precision of
tracking the objects. In the wake of instating the search window, the shad-
ing histogram of the item is registered and saved as a reference. To discover
the objects of interest or picture division, histogram back projection21 is used
by the authors. The histogram of a picture including the object of interest is
made. The following stage is to back-project the histogram over the picture
at test where the item should be discovered which is ascertaining the likeli-
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hood of whole pixels related to the ground and showing it. The resultant on
proper thresholding outputs the ground. The subsequent stage is to compute
the item’s new size and area utilizing mean-shift technique. CAM Shift de-
pends on mean-shift tracking strategy and was originally proposed to trace
human-faces in a user interface. This method has a benefit that it changes the
search window adaptively when contrasted with mean-shift tracking.

The authors of article [37] projected a framework called image fused object
detector (IFOD). The total framework is made out of four modules: 1) a pic-
ture combination module, which can intertwine three diverse sort of pictures
into a BGR picture; 2) a feature extractor based on CNN, utilized for remov-
ing significant level semantic portrayals from the fused picture; 3) a region
of interest (ROI) proposition module controlled on fused picture is used for
creating hundreds or thousands of applicant bouncing boxes, for every ROI on
highlight map delivered by include extractor module; and 4) a ROI regression
and classification is performed to acquire fine bounding boxes and relating
class. The authors introduced a novel detection method for the objects of mil-
itary by intertwining multi-channel CNNs. They join spatial, temporal and
thermal data by creating a three-channel picture, and they will be combined
as CNN highlight maps in an unsupervised way. The basic concept of the de-
tection methodology is from the quick R-CNN technique and used cross-space
move learning strategy to fine tune the CNN model on created multi-channel
pictures. The authors tested the proposed technique with the pictures from
SENSIAC (Military Sensing Information Analysis Center) data set and con-
trasted it and the best in class.

Authors of paper [38] introduced a novel methodology for target discovery
and classification of objects by clustering the features of the object surface and
design highlights extraction. By grouping the surface components, compelling
picture segmentation is accomplished and along these lines acquire the design
highlights of target objects. Commonplace man-made items including planes,
tank, boats, mines and vehicles in normal background can be distinguished. A
portion of the picture handling procedure utilized incorporates DCT, Morpho-
logical Enhancing, Texture Feature Clustering, Segmentation, and Structure
Feature Extraction.

To tackle this issue of military object recognition, a deep transfer learn-
ing technique is proposed by the researchers in the article [39]. The princi-
ple thought of the methodology comprises two sections: transfer learning for
knowledge embedding and blended layer for better feature extraction. It has
been demonstrated that the capacity of feature extraction learned in an enor-
mous dataset is useful to related tasks and can be moved to another neural
network. The transfer learning is accomplished by fixing the loads of certain
layers and afterwards retraining the remaining layers. The vital issue for deep
transfer learning is what part ought to be moved and what part ought to be
retrained to adjust the network to the new application. This issue is addressed
by broad trials, and it is discovered that retraining the last three layers and
moving before different layers can arrive at the best exhibition. Moreover, the
authors utilized a mixed layer plan to utilize the current data. In each mixed
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Fig. 1 Multi-level CapsNet Architecture for Military Object Detection

layer, convolution channels in various scales are consolidated together, assist-
ing with adjusting highlights in various scales. The authors proved that by
utilizing these two strategies, the proposed strategy shows an enormous im-
provement in military object detection even though the training data available
is very small.

3 Proposed methodology for military object detection

This section explains the methodology of military object detection using cap-
sule networks.

3.1 Proposed Multi-level CapsNet Architecture

For the identification of military objects in the given image, we designed a
Multi-level CapsNet which is portrayed in Figure1. The operations convoluted
in the implementation of the Multi-level CapsNet architecture are as follows:

– Convolution layer for extracting the features from the input image.
– Primary capsule layer to process the extracted features.
– Class capsule layer on which dynamic routing has been performed to pro-

cess the features for identification and classification.
– SoftMax layer to convert class capsule layer result into probabilities corre-

sponding to each class considered in military objects.

Six different military objects images are considered as input image for
the CapsNet. The input images are applied to preprocessing to elevate the
contrast of the picture and to remove the noise in the images. The images
are converted to gray scale to consider as input to the proposed multi level
CapsNet. All the images are also resized to unique size after converting to
the grayscale and preprocessing. Hence, the result of the preprocessing is high
contrast smooth gray scale images of size 512 x 512 which are considered as
input to the proposed multi-level CapsNet architecture.
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3.2 Convolution Layer

Convolutional layers are the ones in which kernels can be applied to the input
picture, or to the result of previous convolutional layer. A convolution opera-
tion in a convolution layer is a direct activity that includes the multiplication
of the set of weights with given input. Given that the strategy was intended for
two-dimensional information, the multiplication can be done between an input
data of 2D array and a 2D array of weights, called as a kernel or filter. The size
of the kernels is very small in size when compared to the input picture size.
The kernel is slid across the width and height of the input volume and for each
spatial position dot product is applied between the input volume and kernel.
The dot product is applied as element wise multiplication among the kernel
sized part of the input image and the kernel weights. The element wise multi-
plications are then added to form a single value. Since it brings about a single
value, the activity is regularly alluded to as the ”scalar product”. Because the
kernel is of smaller size than the input volume size, the same kernel is moved
multiple times along the input volume size. Particularly, the kernel is applied
deliberately to each kernel sized part of the input volume, in a direction left
to right, and then top to bottom.

The deliberate use of the same kernel across a picture is an influential
thought. In the event that the kernel is intended to identify a particular kind
of feature in the given input, at that point the use of that kernel across the
whole input picture permits the kernel a chance to find that feature which is
exists at any place in the picture. The result of applying the kernel multiple
times in 2D array of values gives the filtered input. The result of convolution
operation in a convolution layer is called as a feature map. Then the feature
map is given as input to a non-linear activation function such as ReLu, tanh
and sigmoid to check whether the required feature is present at a specified
location of the input image. But in order to identify the type of the picture
in the given input image single feature identification is not sufficient. We need
to extract more features. Hence, in order to extract the different features that
existed in the given input image the number of kernels are applied on the
input image. Each kernel gives a separate feature map of the input image. The
network can be designed with a number of convolutional filters in sequence
by adding more layers and generating more feature maps. The feature maps
which are created by deeper layers are more and more abstract features to
recognize the objects in the given image.

In designing a network with convolution layers there are four important
hyper parameters to be tuned. They are kernel size, kernel count, stride and
padding. The generally used kernel size is 3x3. 5x5, 7x7 and 9x9 are likewise
utilized relying upon the input image and application. The kernel dimensions
are depending on the type of the input image. If the input image is black/white
image then 2D kernels are sufficient. If the input image is an RGB image then
the used kernels are also of 3D, because the depth of a kernel at a particular
layer is equivalent to the depth of its input. The number of kernels in the
network is purely dynamic, which is represented as a power of 2 in the range
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Fig. 2 Convolution Layer of the Multi-Level CapsNet Architecture

32 to 1024. As the number of filters increases, the set of extracted features
also increases. Stride: Stride indicates the movement of the kernel on the input
image. General set to the default value of 1 which indicates moving only one
cell either towards right and bottom. The size of the image reduces by applying
the convolution operation. So there should be a limit on the number of times
convolution operation can be applied on the input image. To avoid this after
every convolution operation the result is again padded to the same size. As
the number of convolutional layers increases, the parameters or weights used
in the layer also gets increased. For reducing the number of parameters used
in convolution layer, Parameter sharing is used. The concept of parameter
sharing is weights will be shared by all neurons in a specific feature map. The
weight sharing decreases the number of parameters to be maintained in order
to maintain efficiency of learning, and good generalization.

Figure 2 shows the design of the convolution layer used in the proposed
multi-level CapsNet architecture. The preprocessed input image of size 512
x 512 is considered as input to the convolution layer. The convolution layer
is designed with three internal layers of type convolution named as Conv1,
Conv2, and Conv3. In all the three layers 256 filters are used with default
stride as 1. The filter sizes of 5x5, 7x7 and 9x9 are used in layers in conv1,
conv2 and conv3 respectively.

For the first layer (Conv1) the input is of size 512 x 512 and a kernel of size
5x5 with stride 1 is applied. The resulting feature map is of size [ 512−5

1
+ 1]

i.e., [508x508, 256] which is considered as input to the next layer (Conv2). The
kernel in Conv2 is also 7x7. Hence, the resulting feature map of Conv2 is of
size [ 508−7

1
+ 1] i.e., [502x502, 256] which becomes input to the next internal

layer (Conv3). Due to the kernel of size 9x9 in conv3, the resulting feature
map of Conv3 is of size [ 502−9

1
+1] i.e., [494x494, 256]. Hence the final output

size of the convolution layer which is considered as input to the next layer of
multi-level CapsNet architecture is [494x494, 256]. The number of parameters
to be trained in internal layers Conv1, Conv2, and Conv3 are shown in Table
1. A total of 40,448 parameters are tuned in the convolution layer.

3.3 Primary Capsule Layer

The successive layer to the convolution layer is the primary capsule layer. It
consists of three distinct processes: Convolution, Reshape function, and Squash



Military Object Detection in Defence using Multi-Level Capsule Networks 11

Table 1 Number of parameters trained in Convolution Layer

Name of the
Internal Layer

No.of parameters to be trained

Conv1 256*(5*5+1)=6,656
Conv2 256*(7*7+1)=12,800
Conv3 256*(9*9+1)=20,992

function. The input to the primary capsule layer is fed from the convolution
layer. The result is an array of feature maps; For example consider that the
output is an array of 36 feature maps. Then reshaping function is applied
to these feature maps and for an instance it is reshape into 4 vectors of 9
dimensions each (36=4*9) for every location in the image. Now, the last process
squashing is applied to guarantee that each vector length is at most one only
because the length of every vector indicates the probability of either the object
is located or not in the given location of the image. Hence, it should be between
1 and 0. For this purpose Squash function is used in primary capsule layer.
This function just ensures that the length of the vector is between 1 and 0
without altering the position information.

In the proposed multi-level CapsNet architecture 16D primary capsules are
used and each primary capsule is produced by a small spatial area of the given
input image. We designed the primary capsule layer with three levels as shown
in Figure 3 by forming sixteen primary capsules based on the result taken from
the convolution layer. The extracted capsules of first level are further used to
produce another set of sixteen (2nd level) primary capsules which are then
used to produce another sixteen (3rd level) primary capsules.

Figure 3 depicts the primary capsule layer of the proposed Multi-level
CapsNet Architecture. From the convolution layer the feature map of size
[494x494, 256] is taken as input to the primary capsule layer. On the input
feature map a convolution is applied with 3x3 kernel and stride as 1. The
resulting feature map size is [ 494−3

1
+ 1] i.e., [492x492, 256]. Subsequent to

this, it consists of 16 primary capsules. The task of primary capsules is to
take main features identified by the convolution and generate the different
combinations of the identified features. The layer has 16 “primary capsules”
that work in the same manner of the convolutional layer in their characteristics.
Each capsule applies 3x3 kernels (with stride 2) to the 492x492 input volume
and hence produces 247x247 output volume. The final output volume size of
level 1 primary capsules is 247x247x16 because 16 such capsules are used. The
output of the level 1 primary capsules is fed to the level 2 primary capsules. In
level two also initially convolution is applied with 3x3 kernel and stride as 1.
The obtained result is of size [ 247−3

1
+1] i.e., [245x245, 256]. Then it is passed

on to 16 capsules each of 16D. As like in level 1, these 16 capsules also work
like convolutions individually. Each capsule applies 3x3 kernels (with stride 2)
to the 122x122 volume. The output of the level 2 primary capsules is fed to
the level 3 primary capsules. In level three also initially convolution is applied
with 3x3 kernel and stride as 1. The obtained result is of size [ 122−3

1
+ 1]
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Fig. 3 Primary Capsule Layer of the Mult-level CapsNet Architecture

i.e., [120x120, 256]. Then, it is passed on to 16 capsules each of 16D. As in
level 1 and level 2, these 16 capsules also work like convolutions individually.
Each capsule applies 3x3 kernels (with stride 2) to the 120x120 volume which
produces result of size [ 120−3

2
+ 1] i.e., [59x59, 256]. The final output volume

size of level 3 primary capsules is 59x59x16 i.e., each consists of 16 dimensions.

3.4 Class Capsule Layer

Class capsule layer in multi-level CapsNet is the replacement for max pooling
layer of CNN with dynamic routing-by-agreement [40]. The class capsule layer
of the proposed multi-level CapsNet architecture is shown in Figure 4. The
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Fig. 4 Class Capsule Layer of the Multi-level CapsNet Architecture

class capsule layer is designed in two levels. For level 1 output of the primary
capsule layer is considered as input and for level 2, result of level 1 is considered
as input. Squashing and routing by agreement is used in level 1 and level 2
class caps.

The reshaped results of primary capsule layer level 1 level 2 and level 3 are
the inputs to the class capsule layer. The first input which is the output of
level 1 primary capsules is of size 61009x16D. The second input which is the
output of the level 2 primary capsules is of size 14884x16D. The third input
which is the output of the level 3 primary capsules is of size 3481x16D. In
class capsule layer these inputs are concatenated to form another input of size
79374x16D. For these, class caps are implemented separately which forms two
class caps. The level 1 class caps are then considered again to another level
class caps which are called level 2 class caps. Between level 1 class caps and
level 2 class caps also dynamic routing is implemented.

The process of routing by agreement is illustrated as follows. The ith previ-
ous layer (l) capsule output denoted as vi is considered as input for subsequent
layer (l+1) capsules. The jth capsule of that layer takes the input vi applies
the product with corresponding weight wij between the ith capsule and jth

capsule. The resultant is denoted as vj|i which contributes the contribution of

ith capsule of (l) layer to the jth capsule of (l+1) capsule.

vj|i = Wij ∗ vj
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A weighted sum sj of all the primary capsule predictions for the class cap-
sule j is calculated with the squashing function as:

Sj =
∑N

i=1
Cij ∗ vj|i

To ensure that this result is between 0 and 1, squashing function is applied
which is computed as follows:

SQj =
||Sj ||

2∗||Sj ||
1+||Sj ||2∗||Sj ||

The process of dynamic routing by agreement is illustrated in the following
Algorithm 1.

Algorithm 1: Process of Routing by agreement

Algorithm 1 :Dynamic Routing
1: procedure Routing(vj|i,m, l)
2: for every l layer capsule i to (l+1) layer capsule j do
3: wij ← 0;

4: for iteration 1 to m do
5: for every capsule i ∈ layer l do
6: c ← softmax(wi);

7: for every capsule j ∈ layer(l+1) do
8: Sj ←

∑
i Cij ∗ vj|i;

9: for every capsule j ∈ layer (l+1) do
10: SQj ← squash(Sj);

11: for every capsule i ∈ layer l and capsule j ∈ layer (l+1) do
12: wij ← wij + vj|i ∗ SQj ;

13: return SQj

The class capsule layer requires training of more number of parameters.
The trainable parameters as Cij is computed as number of vectors received
from Primary capsule layer multiplied with number of vectors required as out-
put. i.e., in level 1 we have three inputs and concatenation of the three is
considered for processing.

Hence for level 1:

= (61009 + 14884 + 3481)× 1024)

= 79374× 1024

= 81278976

for level 2:

= 1024× 6
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= 6144

The total trainable parameters in both the levels are 81,285,120. Parameter
training is also required at conversion of scalar values into vector which happen
between the capsules, i.e., Wij . The trainable parameters here are computed
as follows:

Wij between 16D to 8D capsules + Wij between 8D to 4D capsules

= 81278976× 16× 8 + 6144× 8× 4

= 10403708928 + 196608

= 10403905536

Hence the total trainable parameters in class capsule layer are 10,485,190,656.

4 Experimental Investigations

The potential of the proposed model is demonstrated with a dataset of military
object images and compared with the predictions of support vector machine
and CNN architecture. The implementation of the proposed algorithm is done
in python because of the wide availability of the libraries and frameworks for
deep learning. To build the deep learning architectures, Keras and TensorFlow
are used in the backend. Experiments were done on DELL PowerEdge R740
Server with 2 X Intel Xeon Gold 6226R- 2.9G, 16 C, 32T, 22 M Cache, NVIDIA
Quadro RTX8000, 48 GB GDDR6.

4.1 Dataset

To validate the proposed multi-level capsule network based model, the dataset
used in the experiments are self-built set with five different military objects
(armored car, multi-barrel rocket, tank, fighter plane and gunship) and some
general objects (named here as civil) which are similar to the military objects.
The created dataset contains 3500 images collected from the Internet. This
dataset contains 600 images for each category of the military objects. In the
military object dataset, objects are very similar to some military objects but
generally normal objects are also included with the name civil. For instance,
the civil airplane and the transport aircraft. So, 500 samples of this category
are also included to test the algorithms ability of identifying the objects of the
category civil. Based on the category, these images are labeled to their respec-
tive classes. The details of military objects images in the collected dataset are
given in Table 2. The sample object images of six classes are shown in Figure
5.
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Table 2 Distribution of military objects images in the dataset.

Image category Class Label No.of Images
Armored Car C0 600
Multi-barrel Rocket C1 600
Tank C2 600
Fighter Plane C3 600
Gunship C4 600
Civil C5 500

Total 3500

Fig. 5 Sample images in the Collected Dataset.(a) Armored car (b) Multi-barrel Rocket
(c) Tank (d) Fighter Plane (e) Gunship (f) general object

4.2 Performance Metrics

For experimentation we used 10-fold cross validation method. The dataset is
randomly divided into ten parts. The experimentation has done ten times.
Every time one part is considered as testing by considering the remaining four
parts as training set. The results of the ten experiments are accumulated for
comparison of the results.

When constructing a classification model, estimating how precisely it pre-
dicts the correct result is significant. But, this estimation alone is not sufficient
as it conveys wrong results in some cases. That is the situation where the ad-
ditional measures become an integral factor to conclude the more significance
estimations of the constructed model.

The performance outcomes that can be evaluated based on confusion ma-
trix are accuracy, precision, specificity, recall or sensitivity, F1-score. For every
class the measures are evaluated separately. The average of all classes can be
considered as the final value for that measure.
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Accuracy is an essential metric for classification models. It is easy to un-
derstand and simple to apply for binary and also for multi-class classification
problems. Accuracy indicates the proportion of true results in the total number
of records tested. Accuracy is effective for assessing the classification model
which is constructed from balanced datasets only. Accuracy may interpret
wrong results if the given dataset for classification is skewed or imbalanced.

Precision indicates the proportion of the true positives in predicted pos-
itives. Another important measure is recall which conveys more information
in case if capturing all possible positives is important. Recall indicates the
fraction of total positive samples was correctly predicted as positive. Recall is
1 if all positive samples are predicted as positive. If optimal blend of preci-
sion and recall is required then these two measures can be combined as a new
measure called F1-score. F1-score is the harmonic mean of the precision and
recall which lies between 0 and 1. The formulas to evaluate all these measures
are shown in Equations 1 to 4.

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

Precition =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

F1− Score =
2× Precition×Recall

Precition+Recall
(4)

In practical a model is to be constructed with precision and recall as 1
which in turn gives F1-score as 1, i.e. a 100% accuracy which is not feasible
in classification task. Hence, the constructed classification model should have
higher precision with a higher recall value.

4.3 Discussion on Results

The experimentation was done by considering conventional classification method
SVM, CNN based model [39] and the proposed Multi level CapsNet based
model.

The experiment-1 is conducted by considering SVM as the classification
algorithm. The obtained confusion matrix is shown in Table 3. Among the 600
images of each class Armored car, Multi-barrel Rocket, Tank, Fighter Plane,
Gunship, and Civil the correctly identified instances are 325, 304, 365, 336 and
362 respectively. 86 armored car objects are identified as multi-barrel rockets
and 102 armored car objects are identified as tank by SVM algorithm. 67 and
85 multi-barrel rockets are identified as armored car and tank respectively. 68
and 102 tank object images are classified as armored car and multi-barrel tank
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Table 3 Confusion Matrix of Experiment-1: By applying SVM Classification

Predicted Class
Armored

car
Multi-barrel

Rocket
Tank Fighter Plane Gunship Civil

Actual Class

Armored car 325 86 102 0 0 87
Multi-barrel Rocket 67 304 85 0 0 144
Tank 68 102 365 0 0 65
Fighter Plane 0 0 0 336 105 159
Gunship 0 0 0 112 362 126
Civil 5 0 0 102 95 298

Table 4 Observations based on the confusion matrix of Table 3.

Armored
car

Multi-barrel
Rocket

Tank Fighter Plane Gunship Civil

TP 325 304 365 336 362 298
TN 2760 2712 2713 2686 2700 2419
FN 275 296 235 264 238 202
FP 140 188 187 214 200 581

Table 5 Confusion Matrix of Experiment-2: By applying CNN-TL

Predicted Class
Armored

car
Multi-barrel

Rocket
Tank Fighter Plane Gunship Civil

Actual Class

Armored car 434 56 73 0 0 37
Multi-barrel Rocket 32 357 75 0 0 136

Tank 24 75 496 0 0 5
Fighter Plane 0 0 0 392 56 152

Gunship 0 0 0 105 457 38
Civil 5 0 0 34 18 443

objects respectively. 105 fighter plane images are misclassified as gunship and
112 gunship objects are misclassified as fighter plane objects.

Based on the confusion matrix of Table 3, the True-Positives (TP), True-
Negatives (TN), False-Positives (FP) and False-Negatives (FN) are estimated
for each class separately. The estimated values are shown in Table 4. Based on
the estimations of Table 4, performance measures accuracy, precision, recall
and f-score are evaluated for each class separately. The performance measures
of support vector machine classification algorithm are shown in Table 9 and
10. The support vector machine algorithm achieved the highest accuracy of
88.14% for armored car class objects.

The experiment-2 was conducted by considering CNN with Transfer Learn-
ing (CNN-TL) from the literature [39] as the classification algorithm. The ob-
tained confusion matrix is shown in Table 5. Among the 600 images of each
class Armored car, Multi-barrel Rocket, Tank, Fighter Plane, and Gunship the
correctly identified instances are 434, 357, 496, 392 and 457 respectively. 56
armored car objects are identified as multi-barrel rockets and 73 armored car
objects are identified as tanks by CNN-TL network. 32 and 75 multi-barrel
rocket objects are identified as armored car and tank objects respectively. 24
and 75 tank object images are classified as armored car and multi-barrel tank
objects respectively. 56 fighter plane images are misclassified as gunship and
105 gunship objects are misclassified as fighter plane objects.
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Table 6 Observations based on the confusion matrix of Table 5.

Armored
car

Multi-barrel
Rocket

Tank Fighter Plane Gunship Civil

TP 434 357 496 392 457 443
TN 2839 2769 2752 2761 2826 2632
FN 166 243 104 208 143 57
FP 61 131 148 139 74 368

Table 7 Confusion Matrix of Experiment-3: By applying the proposed multi-level CapsNet
architecture

Predicted Class
Armored

car
Multi-barrel

Rocket
Tank Fighter Plane Gunship Civil

Actual Class

Armored car 502 29 32 0 0 37
Multi-barrel Rocket 21 519 33 0 0 27
Tank 18 35 544 0 0 3
Fighter Plane 0 0 0 498 45 57
Gunship 0 0 0 51 488 61
Civil 5 0 0 24 18 453

Based on the confusion matrix of Table 5, the TP, TN, FP, and FN of
experiment-2 are estimated for each class separately. The estimated values are
shown in Table 6. Based on the estimations of Table 6, performance measures
accuracy, precision, recall and F1-score are evaluated for each class separately
based on CNN-TL. The performance measures of CNN-TL network are shown
in Table 9 and 10. The CNN-TL based classification has achieved highest
accuracy of 93.8% for gunship object class, 93.51% for armored car, 92.8 for
tank object class, 90.09% for fighter plane class and 89.31% for multi-barrel
rocket class objects

Experiment-3 was conducted by considering the proposed multi-level Cap-
sNet architecture as the classification algorithm. The obtained confusion ma-
trix is shown in Table 7. Among the 600 images of each class Armored car,
Multi-barrel Rocket, Tank, Fighter plane, and Gunship, the correctly iden-
tified instances are 502, 519, 544, 498 and 488 respectively. 29 armored car
objects are identified as multi-barrel rockets and 32 armored car objects are
identified as tanks by proposed architecture. 21 and 33 multi-barrel rockets are
identified as armored car and tank respectively. 18 and 35 tank object images
are classified as armored car and multi-barrel rocket objects respectively. 45
fighter plane objects are misclassified as gunship and 51 gunship objects are
misclassified as fighter plane objects.

Based on the confusion matrix of Table 7, the TP, TN, FP, and FN of
experiment-3 are estimated for each class separately. The estimated values are
shown in Table 8. Based on the estimations of Table 8, performance measures
accuracy, precision, recall and F1-score are evaluated for each class separately.
The performance measures of proposed architecture are shown in Table 9 and
10. The proposed architecture has achieved on an average an accuracy of 95%
for all the five classes military objects.

Table 9 shows the accuracy and precision for each class of the three ex-
periments. Table 10 shows the recall and F1-score for each class of the three
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Table 8 Observations based on the confusion matrix of Table 7.

Armored
car

Multi-barrel
Rocket

Tank Fighter Plane Gunship Civil

TP 502 519 544 498 488 453
TN 2856 2836 2835 2825 2837 2815
FN 98 81 56 102 112 47
FP 44 64 65 75 63 185

Table 9 Class wise Accuracy and Precision Results of the three experiments

ACCURACY (%) PRECISION (%)
SVM CNN+TL PROPOSED SVM CNN+TL PROPOSED

Armored car 88.14 93.51 95.94 69.89 87.68 91.94
Multi-barrel Rocket 86.17 89.31 95.86 61.79 73.16 89.02
Tank 87.94 92.8 96.54 66.12 77.02 89.33
Fighter Plane 86.34 90.09 94.94 61.09 73.82 86.91
Gunship 87.49 93.8 95 64.41 86.06 88.57
Civil 77.63 87.86 93.37 33.9 54.62 71

Table 10 Recall and F1-score Results of the three experiments

RECALL (%) F1-SCORE (%)
SVM CNN+TL PROPOSED SVM CNN+TL PROPOSED

Armored car 54.17 72.33 83.67 61.03 79.27 87.61
Multi-barrel Rocket 50.67 59.5 86.5 55.68 65.63 87.74
Tank 60.83 82.67 90.67 63.36 79.75 90
Fighter Plane 56 65.33 83 58.43 69.32 84.91
Gunship 60.33 76.17 81.33 62.3 80.81 84.8
Civil 59.6 88.6 90.6 43.22 67.58 79.61

experiments. On an average with SVM classification an accuracy of 85.16% is
achieved while with CNN-TL and proposed architecture have 91.2% and 95.2%
accuracy. The proposed architecture has 86.12% of precision and 85.96% of re-
call and 85.77% of F1-score on average of all classes.

The box plot analysis of the performance measures accuracy, precision,
recall and F1-score are shown in Figure 6, 7, 8 and 9 respectively. Box plots
visually illustrate the distribution of numerical data and skewness through
displaying the data quartiles (or percentiles) and averages. Box plots visual-
ize the five number summaries of the results of all three experiments. The
box plot shows minimum, Q1 (25th quartile), Q2 (50th quartile), Q3 (75th
quartile) and max for the individual class results of all the three experiments.
From Figure 6 it is clear that the proposed architecture has achieved ap-
proximately minimum 93% accuracy and maximum 96.5% accuracy, and 50th
quartile as 95% accuracy. Figure 7 shows that the proposed architecture got
approximately minimum 87% accuracy and maximum 92% precision, and 50th
quartile as 89.5% precision. Figure 8 shows that the proposed architecture got
approximately minimum 61% accuracy and maximum 82% recall. Figure 9
shows that the proposed architecture got approximately minimum 85% accu-
racy and maximum 90% F1-score.
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Fig. 6 Comparison of Accuracy with Box Plot Analysis.

Fig. 7 Comparison of Precision with Box Plot Analysis.
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Fig. 8 Comparison of Recall with Box Plot Analysis.

Fig. 9 Comparison of F1-score with Box plot Analysis.
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5 Conclusion

The success of war in the military domain depends on automated war strategies
followed by the respective departments. Automated target identification plays
a vital role in automated war strategies. Detecting the military objects from
the captured images is the key point in automated target identification. Deep
learning architectures have outperformed results in detecting and classifying
the military objects by examining the features in the given input image. Hence,
in this article a framework named multi-level CapsNet was introduced from
the deep learning domain for classifying the five different types of military
objects. The proposed architecture got 96.54% accuracy when compared with
the transfer learning based CNN architecture. The work of this article can be
enhanced in future by considering other types of military objects also. The
same architecture can also be extended for object detection in other branches
of military such as navy and air force. In summary, the article projects a deep
learning based framework for military object recognition for the purpose of
automatic target identification in warfare.
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Figures

Figure 1

Multi-level CapsNet Architecture for Military Object Detection

Figure 2

Convolution Layer of the Multi-Level CapsNet Architecture



Figure 3

Primary Capsule Layer of the Mult-level CapsNet Architecture



Figure 4

Class Capsule Layer of the Multi-level CapsNet Architecture



Figure 5

Sample images in the Collected Dataset.(a) Armored car (b) Multi-barrel Rocket (c) Tank (d) Fighter Plane
(e) Gunship (f) general object



Figure 6

Comparison of Accuracy with Box Plot Analysis.



Figure 7

Comparison of Precision with Box Plot Analysis



Figure 8

Comparison of Recall with Box Plot Analysis.



Figure 9

Comparison of F1-score with Box plot Analysis


