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Abstract

This research work presents an object identification method based on the machine
learning technique based on human vision system. The objective is to prevent processing
a complete image in sort to locate objects. Presently, the-state-of-the-art techniques divide
an image into sub-regions and search for an object in all the subparts. This is ineffective
for applications like embedded systems where the computation power is restricted or the
resolution of the images are high. To address this issue, an object identification task was
formulated as a decision-making problem. Followed the concept of DRL proposed, accepted
RL algorithm DQL was applied to learn a policy from input data, i.e. images, to identify
objects in a scene. In this manner, with the policy learned, a set of actions that transforms a
box was apply in order to make tighter a bounding box around the target object.

Subject Classification: Primary 93A30, Secondary 49K15, 93B30, 68Q87.

Keywords: Object detection, Reinforcement learning, Feature extraction, Markov decision process,
Localization.

1. Introduction

Computer vision produce power to define task computationally
what we see in real world, the capability of human being to view identify
and classify makes person to take quick conclusion about the objects. In
some occasion object identification is complex task when a single image
contains many objects. Object identification is a task which is combination
of classification and localization, method identifies the instance of
object and compose a window over object for localization than with the
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instance score it describe the class of object [1]. Improving accuracy of
object detectors are the big concern which solve by convolution neural
network (CNN) .CNN plays a vital role in image visualization and deep
learning. A novel model given by J. Donahue, T. Darrell, R. Girshick called
R-CNN which uses image features and object proposals to detect object
using Image net dataset. There are also some good results to predict the
bounding box using high capable CNN architecture using regression
technique [2]. Object detection is a technique in which we need to assess
every instance of object because on the basis of object instance we predict
class of object, very deep CNN has only power to detect object with high
exactness. But need to implement supporting algorithm to complex models
so increment in processing time can be saved. In literature there exist
many research which work hard for object detection but the challenge is
two minimize computation cost and training time of model also for a very
large dataset its hard to execute that technique on resource constrained
devices [3]. The method defines a geometrical box to wrap an object for
localization by series of steps can be view as control problem, solving
control problem we can go for different algorithm exist in literature.
Identifying the accurate position of object in given image requires active
study to convert point towards ground truth, identify features which can
direct task to identification [4]. Proposed work presents an improved
model for object identification .for any object identification task we need to
extract image features and training of model should done using a feasible
training methodology so we can get good results and solve the problem of
identification accuracy and time efficiency [5]. Also it’s necessary to store
different data and model in minimum space so they can implemented
in resource constrained device easily. Finally making image average
evaluation time efficient we can give a better approach for identification.
Proposed approach follows all standard protocols and parameter to define
methodology [6]. Accuracy of model is calculated by precision and recall
which are modern way of calculating accuracy of identification. One more
metric which examine quality of identification given by IOU percentage,
with given model we will prove the quality which can help community in
modern world.

2. Related work

Object detection algorithms consist of two groups the algorithms that
conduct object localization and detection jointly. primarily object detection
algorithms, which perform object localization and recognition jointly, are
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reviewed [7]. The common feature between these categories of algorithms
is that they have to process all sub-regions of an image in order to detect
objects. In other words, these algorithms have to examine great amounts
of region proposals which have caused them to slow down. In the second
part, the methods based on RL algorithms are explained. Before describing
these algorithms, an introduction to RL is given. The background of RL
based object localization algorithms comes from the human vision system
that finds objects in a scene with a top-down search and turning visual
attention to the densest part of the scene. In this section, the main topic is
the recent object detection algorithms that apply deep learning methods
to defeat the problem [8]. Each technique has used deep learning in a
special way to enhance effectiveness and efficiency. As the techniques
evolve, they move closer to the idea of end to-end learning. Because the
subject of this project is object identification with RL, the focus is mostly
on the identification which involves Softmax classification as well.

RL is considered as a mathematical structure for experience-driven
autonomous learning. Using RL, an agent is able to learn the formation
of an environment by trial and error over time to achieve its goal(s). RL
challenges the idea of machine learning approaches which assume there
always should be a teacher (annotated data) to learn a task [9]. In RL
context, an agent observes state (St) at time step t. Having taken action
a, the environment brings the agent to a new state St+1 at time step t + 1
based on a transition function [10]. Also, the Environment gives response
Rt+1 to the agent by a reward function to illustrate the agent how Superior
the taken action was. This process is shown in Figure 1. Every state
contains of adequate information about the environment so that the agent
can make a decision what action is best to take in a given state. In common,
Deep Reinforcement Learning (DRL) refers to the methods that use neural
networks coupled to RL algorithms. By means of a tree structured search
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Tree Structured RL

strategy; a new method called Tree-RL was projected to localize various
objects in an image. Tree-RL is a technique based on tree search where at
each step using RL decides how the tree search should be separated. The
hunt is in the form of top-down and begins from the whole image down
to localizing an object in a leaf. Figure 2 shows the Tree Structured RL.
The agent is allowed to take an action from two predefined set of actions,
one for scaling the current window to a sub-window, and the next for
translating the existing window locally. Given a state, the agent selects the
top actions from both groups of actions and then the elected actions are
performed in two part branches of a tree search.

In this manner, the agent takes both scaling action and local translation
action concurrently at every state.

3. Active Object Localization with DRL

Active Object Localization is the most important paper by which
proposed project is inspired. The key idea of the paper is to prepare the
object localization task as a sequential decision making process where the
agent’s playground is images to localize objects [11]. The agent is going
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Active Object Localization with DRL
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Hierarchical Object Detection Model

to learn focusing on thick regions in images where there might be a few
objects. Figure 3 shows the Active Object Localization with DRL. The
agent is estimated to determine the coordinates of bounding boxes tied to
the objects in an image. More particularly, the agent initiates by analyzing
the complete scene and narrowing its current observed window down to
an object by taking a sequence of actions.

The states of the MDP are an illustration of the agent’s window [12].
In the case of an action rising IOU the agent would get a positive reward +1
and otherwise -1. If the agent effectively localizes an object it will receive
+3. Finally, to get an optimal policy for object detection, DQL is applied
to solve the MDP which makes it feasible to use high dimensional inputs,
i.e. images. It formulates the problem as an MDP and tries to address it
using Q-learning. Unlike “Active Object Localization” and “Tree Object
Detection” the agent is not free to shift its window where it decides over
the input image given, but there are a set of pre-defined windows that
when the agent put an action its window will be moved to the one of the
predestined regions equivalent to the taken action [13]. Figure 4 shows
the Hierarchical Object Detection Model. The agent starts by analyzing
the whole image and take decision where to focus between the sub-region
windows.

4. Proposed ODDRL-Net Model

The technique proposed is entirely different from most detection
methods given in literature, sliding window approach is used by many
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researcher which uses a fixed size window for scanning objects in one
direction but our proposed object detection having not any fixed path the
mask can select any action to move in any direction. Another technique
used widely is object proposals in which candidate region predicted on
some small cue but we define a systematic reasoning strategy for proposals
compare to other region proposal algorithm. Proposed object detection
deep reinforcement learning - network (ODDRL-Net) an improved and
efficient model which predicts fast object identification as shown in Figure
5.Model contains three convolution layer {convoll, convol2, convol3} which
are identical to model using features for object identification like VGG-M
net [15] etc. Sang doo Yun used to initialize their model with VGG-M net
as pretrained model also they take the different layer as motivated by this
model for giving a tracker. The next FC4 fully connected layer combined
with dropout Relu and has 512 nodes when we calculate output [16].

The final layer FC5 having Softmax classification score with action
probabilities which decide what action must be applied if agent repeats
action and come again to previous than oscillation occurs already we
proposed the way in upper section how to deal the situation .agent updates
states while selecting sequential action until it reaches final state and
stop the process. Following table 1 gives the step by step process which
will clear the process followed by proposed architecture, as compared to
previous architecture proposed model uses less computational cost [17,18].
Proposed architecture uses the customized concept and region proposal
algorithm given in literature while changing some parameter and nature
for achieving dynamic implementation of model. Training and testing for
proposed model have done with customized Pascal Voc Dataset.
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5. Results and Discussion

Precision tell the exact quality of identification .normally we having
two types of regions which is attended by agent one is all attended and
well identified with threshold and other is terminal region when stop
action is activated by agent that tells the final identification. To design
a detector inspired by the Softmax classifier, which scores every area in
a single search phase, we employed a shallower version of the RCNN.
Following Figure 6. will present the actual processed image for top five
classes. As different technique we have also made mAP calculation on 0.5
IoU threshold. Approximately we have tested more than 20 images per
category to calculate average precision and than its mean that collectively
called mAP [19]. We compare proposed method with different method in
literature RCNN having same layers in architecture like our model and
work without bounding box regression technique .Region lets predicts
bounding box with deep CNN using regression method for input image
it uses deep CNN in efficient way using few box for prediction is good
strategy because it saves computing power.

Table 1
Deep Q-Learning Architecture (ODDRL-Net)

Layer Input Filter Size | Strides | Activation Output
Convolution 1 284x284x3 7x7 2 Relu 118x118x32
Convolution2 | 118x118x32 5x5 2 Relu 56x56x96
Convolution 3 56x56x96 3x3 1 Relu 15x15x512
FC 4 15x15x512 0 - Relu 512
FC5 512 - - - 11

Table 2

Comparison mAP Data between ODDRL-net and Different Model

Methods | Aero | Bike | Bird | Boat | Car | Cow | Horse | Person | mAP
RCNN 64.2 | 69.7 50 419 71 585 | 60.6 54.2 54.2
Region lets 446 | 55.6 | 24.7 | 235 51 359 | 619 44.1 40.2
RPNSS 77 781 | 69.3 | 59.4 | 78.6 | 78.8 82 69.9 70.4
RPN- 300 874 | 836 | 768 | 629 | 82 | 826 | 855 84.1 75.9
Ef;l;’l‘(’ifd 889 | 8 | 79 | 74 876|864 | 8 | 875 | 783
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Table 2. gives the comparison data between ODDRL-net and different
model discussed. RPN with selective search strategies also giving good
results but when RPN uses 300 region proposals than it gives better
results this architecture uses same no of layer as we have used in proposed
method [20] . Overall our method having good results compare to other
but in some image we get better results with RPN-SS, the drawback of
this approach is it needs large dataset, maximum no of region and large
computing power to predict object.

Figure 7. presents the Performance comparison between ODDRL-
net and different model. overall if we look we found proposed method
come with 76.6 MAP compare to other baseline methods it gives better
results next better method is RPN having 75.9 MAP. Best results showed
by underline bold fonts. Proposed method run for 200 steps per category
it means we have 20 category in Pascal voc dataset so there will be 4000
candidate region reaching average 78% recall it means the quality of
detection is good because with recall only we say how many relevant
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Performance comparison between ODDRL-net and different model
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items we have reached [21] also for top hundred candidate recall of our
proposal is more than 70 percent. We also use same scoring function in
place of classification score for making evaluation fare.

Figure 8. shows the comparison plot of recall vs. number of proposal
of different methods in literature. We compared with Edge box, selective
search and Bing result shows that proposed method take 60 percent recall
on 10 proposals while other methods giving 20 to 30 percentages. Every
object detection work have challenge to have better recall rate that is we
have to identify every single instance of object proposed approach present.
Better recall rate [22]. Like other methods we not set focus to improve
recall with maximizing region, work on minimum region so fixing overall
recall will improves at early interval as well. Number of action required t
identify object successfully we can see median in this distribution which
tells that in less than 5 actions we can get correct instance of object. Also it
tells that agent has capability to detect 11 without processing more regions
because they occupied big part of object.

6. Conclusion

In this paper, first the proposed architecture is explained clearly
related to different layer function and process of identification. Then
used dataset is discussed with respect of training and testing images.
Proposed work uses model named ODDRL-net which contains three
convolutions and two fully connected layers. Convolution layer used
for feature extraction and identification of object is done with deep
reinforcement learning. Softmax classifier is used for defining the label
of class. The main contribution of this research is to defining model and
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combining the localization with Softmax classification also implemented
the algorithm by means of the novel deep learning framework, Tensor
flow. This implementation can simply be customized by future researchers
in sort to conduct additional experiments with different datasets, neural
network architecture, or the agent architecture. The customization of
Pascal VOC Dataset was used for training which has a considerable effect
on the performance. Reinforcement learning used in proposed work is an
efficient strategy to learn policy for identification because every object not
found the common search path. After this agent are able to learn with its
mistakes and experience to optimize the policy to find objects. ODDRL-
net is comparative model with other in literature and has better ability to
identify object.
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