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Abstract - This paper addresses the problem of recognizing possible objects for use in partially occluded object recognition. 
To enable the use of more expensive features and classifiers and thereby progress beyond the state-of-the-art, a region 
proposal network (RPN) which shares full-image convolutional feature with detector network is needed. We aim to improve 
the recognition of partially occluded objects in the cluttered scene. In this paper, we build our approach based on the recent 
state-of-the-art Faster R-CNN to increase the recognition capability in partially occluded object recognition. We evaluate our 
approach on the real-time object recognition in the robotics application. The results demonstrate the effectiveness of our 
proposed approach for robust object recognition in real-time applications.  
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I. INTRODUCTION  
 
In the field of robotics, it is crucial to detect, 
recognize, locate, and manipulate objects in the daily 
life and industrial environments. A robot, especially 
service robot, without the ability to interact with the 
environments is useless. Consider a service robot that 
will declutter floors, desks, kitchens, and tables by 
recognizing objects, find the position of objects, 
grasping objects, and keeping objects in the 
appropriate destinations. Object recognition errors 
could be very costly, such as, a cellphone could be 
mistaken for an unwrapped chocolate bar then thrown 
in the trash can, and vice versa, an unwrapped 
chocolate bar could be accidentally moved to the 
cellphone charging station. In unstructured 
environments such as houses, object recognition is a 
very challenging problem. It is the process of 
identifying objects and determining the position 
depending on the training examples, which is the 
fundamental problem in the field of service robots. 
Significant attention has been obtained from both 
industrial and academic communities. Object 
recognition has made tremendous progress in the past 
few years, such as the Pascal VOC challenge [1]. The 
state-of-the-art is to find the best object positions using 
the exhaustive search [2]-[6]. In the exhaustive 
search, the total number of images and windows are 
huge. It is necessary to constrain the number of 
locations and computation per location. Therefore, the 
selective search that combined the strength of 
exhaustive search and segmentation greatly reduces 
the number of locations in object recognition [7]-[8]. 
 
It diversifies the search and uses a variety of 
complementary image partitions to deal with as many 
image conditions as possible to generate possible 
object locations, instead of a single technique. Object 

recognition has advanced dramatically with the 
availability of large-scale web images. The ImageNet 
Large Scale Visual Recognition Challenge (ILSVRC) 
[9] was the benchmark in object detection and 
category recognition on hundreds of object categories 
and millions of images.  
 

 
Fig. 1. A scene of objects in the experimental environment. Our 

aim is to recognize objects for which robot is looking for in 
real-time. Sometimes, objects are partially occluded by other 

objects. The robot needs to find the intended object. 
 
From 2010 to present, this challenge has been running 
annually, attracting the researcher around the world. 
The revolution of deep learning [10] sparked at 
ILSVRC in 2011 by Krizhevsky et al. [11]. They 
trained a large deep convolutional neural network 
(DCNN), (which had 60 million parameters 650000 
neurons, consisted of five convolutional layers, 
followed by max-pooling layers, and three 
fully-connected layers with a final 1000-way softmax), 
to classify the 1.2 million high-resolution images into 
1000 different object classes in the ILSVRC-2010 
contest. They received top-1 and top-5 error rates that 
were better than the previous state-of-the-art. Later, 
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many studies have examined the selection of regions 
for candidate objects to ensure the efficiency of object 
detection. Jia et al. [12] presented Caffe, a fully 
open-source framework that affords access to deep 
architectures. It provided an orderly and extensible 
toolkit of the state-of-the-art deep learning algorithms 
with reference models provided out of the box for 
multimedia scientists and practitioners. Razavian et 
al. [13] used features that were extracted from the 
OverFeat network as a generic image representation 
to tackle the object image classification, fine-grained 
recognition, scene recognition, attribute detection and 
image retrieval in the diverse range of recognition 
tasks. Girshick et al. [14] combined Regions with 
CNN, call as R-CNN. R-CNN made use of a region 
proposal method to create 2000 Regions of Interest 
(ROIs) which are warped into fixed size images and 
feed into a CNN network individually. R-CNN has 
two key insights: applied high-capacity CNNs to 
bottom-up regions proposals in order to segment and 
localize objects, and the supervised pre-training 
followed by domain-specific fine-tuning was applied 
on labeled training data to boost performance. 
Girshick [15] proposed a Fast Region-based 
Convolutional Neural Network (Fast R-CNN) method 
for object detection. They unified three independent 
models into one jointly trained framework and 
increased the shared computation results. This model 
aggregated the extracted CNN features vectors into 
one CNN forward pass over the entire image and the 
region proposals share this feature matrix, instead of 
independently for each region proposal.  
 
Then this features matrix were used to learn the object 
classifier and the bounding-box regressor. Thus, Fast 
R-CNN increased detection accuracy and improved 
training and testing speed. Ren et al. [16] introduced a 
Region Proposal Network (RPN) which shared full 
image convolutional features with the detection 
network. Thus enabling nearly the cost-free region 
proposals. RPNs were trained end-to-end to generate 
high-quality region proposals that were used by Fast 
R-CNN for object detection. RPN and Fast R-CNN 
trained to share convolutional features with a simple 
alternating optimization. This new design which 
introduced RPN to the Fast R-CNN was then called 
“Faster R-CNN”. Faster R-CNN is more efficient and 
runs 10 ms per image where Fast R-CNN takes 2.3 
seconds to make the prediction in which 2 seconds are 
for generating 2000 ROIs. Zhang et al. [17] 
investigated the issues involving Faster R-CNN for 
pedestrian detection. They found that the RPN in 
Faster R-CNN performs well as a stand-alone 
pedestrian detection, but the downstream classifier 
degrades the accuracies. Jiang and Miller [18] 
demonstrated the state-of-the-art face detection 
performance on two benchmark datasets using the 

Faster R-CNN. Eggert et al. [19] applied Faster 
R-CNN to the task of company logo detection that was 
motivated by the weak performance of Faster R-CNN 
on small object instances. They introduced an 
improved scheme for generating anchor proposals and 
proposed a modification of Faster R-CNN that 
leveraged high-resolution feature maps for small 
objects. Chen et al. [20] designed two domain 
adaptation components on image level and instance 
level to reduce the domain discrepancy using Faster 
R-CNN for object detection in the wild. Some other 
recent applications of Faster R-CNN are: Temporal 
action localization [22], U-net with aerial images [23], 
fusion steganographic algorithm [24], physical 
adversarial attack detection [25], railway subgrade 
defect recognition [26], precise vehicle detection [27], 
attribute recognition from clothing [28], real-time 
hand recognition [29], and buried object detection 
[30]. In this paper, we propose Faster R-CNN for 
partially occluded object recognition. We make the 
following contributions: (1) we develop a method to 
recognize the partially occluded objects for robotics 
applications. (2) Our method is effective for detecting 
a small set of high-quality locations within an image. 
(3) We demonstrated that our method outperforms for 
the 2-D image-based partially occluded objects in 
real-time experiments. We divide the remaining paper 
into the following sections: Problem statement is 
presented in Section II. Section III introduces the 
proposed method and Faster R-CNN. The 
experimental results are shown in Section IV. In 
Section V, conclusion and future works are described. 
 
II. PROBLEM STATEMENT  
 
When there are multiple objects on the table or in the 
box, it frequently happens that an object is partially 
occluded by other objects (Fig. 1). It is a problematic 
task for a robot to recognize and grasp the occluded 
objects even in the case that the object is one of the 
pre-trained objects in our database. The partially 
observed object can be roughly matched with several 
objects of different poses in the database. Thus, the 
partially visible parts need to be considered as the true 
state of the target object. For partially occluded 
objects, the recognition probabilities of the target 
objects reduce. In a cluttered scene that contains 
insufficient information to recognize a target object, 
the object needs to be recognized from the above of the 
scene, the robot will grasp that object, and thus the 
scene can be updated comparing the recognition 
probability until there is sufficient information to 
recognize the target object. The aims of this paper are; 
to build a classifier system which is capable of 
recognizing the objects in real-time robot tasks, and 
make the recognition system robust in different 
real-time conditions such as cluttered scene, different 
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lighting conditions, adapt in environmental changes, 
etc.  
 
III. FASTER R-CNN FOR OBJECT 
RECOGNITION  
 
We briefly introduce the Faster R-CNN [16] which is 
composed of two modules, which is the baseline model 
of our work as shown in Fig. 2. The first module is a 
deep convolutional neural network (D-CNN), which 
proposes regions. The second module is the Fast 
R-CNN detector, which uses the proposed regions. 
The entire system is a single and unified network for 
object recognition. The RPN module guides the Fast 
R-CNN module where to look for the objects.  
 

 
 
A. Region Proposal Networks (RPNs)  
RPN networks take an image as input, generates a set 
of rectangular object proposals as outputs with an 
objectness score for each object. We slide a small 
network over the feature maps by the last shared 
convolutional layer to generate proposals. This 
network takes an [n n] spatial window of the 
convolutional features map as input. Each sliding 
window is mapped to a lower-dimensional feature 
which is fed into two fully-connected layers - a 
regression layer and a classification layer. For RPN 
network, an important property is 
translation-invariant in terms of the anchors and the 
computed proposal functions relates to the anchors. 
An anchor (also known as priors or default boundary 
boxes) is a box with a scale and aspect ratio in centered 
at the sliding window, which plays an important role 
in Faster R-CNN. When an object translates in an 
image, the proposal also translates and the same 
function is able to predict the proposal. This 
translation-invariant property is very important for 
classifying the objects with different sizes and is 
guaranteed for good recognition rates by the RPN.  
For training our RPNs, we assigned a binary class 
label to each anchor to verify being an object or not. 
We minimized the objective function by following the 
multi-task loss function. The loss function used in our 
implementation for an image is defined as follow [16]: 

 

 

 
 
B. Sharing Features for RPN and Fast R-CNN  
We adopt Fast R-CNN for the detection network. RPN 
and Fast R-CNN are trained independently that will 
modify their convolutional layers in different layers. 
In our network, the two networks share the 
convolutional layers, rather than training two 
separated networks. Four steps are included for 
training networks with shared features, as follows; 
step 1: the training of RPN, step 2: the training a Fast 
R-CNN Network using the proposals of RPN from step 
1, step 3: re-training of the RPN using weight sharing 
with Fast R-CNN to fine-tune the network, and step 4: 
re-training the Fast R-CNN using the updated RPN, 
and this process is iterated.  
 
C. Implementation Details of Our Network  
The details implementation of our network is shown in 
Fig. 3. We train and test our proposed approach on 
images from the camera in real-time.  
First, we define the type and size of the image in the 
input layer. The input size is the size of the input 
image in the classification tasks. For detection 
purpose, CNN needs to analyze the small parts of the 
image. Therefore, the input size must be the smaller 
than the smallest object size in the data set. In our data 
set, all the objects are bigger than [32 32], so we select 
input size of [32 32 3]. This size makes the balance 
between processing time and the amount of spatial 
detail which CNN needs to resolve.  
 
Secondly, we define the middle layers of the network. 
These middle layers consist of the repeated block of 
the convolutional layer, rectified linear units (ReLU), 
and max-pooling layers. We use three convolutional 
layers: first convolutional layer with filter size of [3 3], 
number of filter of 32, stride of [1 1], and padding of [1 
1 1 1], second convolutional layer with filter size of [5 
5], number of filter of 64, stride of [1 1], and padding 
of [2 2 2 2], and third convolutional layer with filter 
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size of [3 3], number of filter of 64, stride of [1 1], and 
padding of [1 1 1 1]. To avoid down-sampling the 
image prematurely, we keep the number of polling 
layers low. Early down-sampling discards the 
necessary information from the image that is useful in 
learning. After defining the network, we train the 
detection in four steps, which is described in Section 
3(B). Here, learning rates of 0.001 in first two steps 
are applied, which are higher than learning rates of 
0.0001 of last two steps, because the last two steps are 
the fine tuning steps (modify the weight to increase the 
classification accuracy). Finally, we train the Faster 
R-CNN detector with negative overlap range of [0.0 
0.3], positive overlap range of [0.7 1.0], and box 
pyramid scale of 1.2 that allow fine resolution of 
multiscale object detection.  
 
IV. EXPERIMENT 
  
We demonstrate our approach with the object 
recognition of partially occluded objects in real-time 
environments. For analysis purpose, we divide this 
section into training and evaluation. In training 
section, we explain the database and objects that are 
used in our experiment. In evaluation section, the 
effectiveness of the proposed model for partially 
occluded object recognition in real-time environments 
is illustrated.  
 
A. Dataset  
For training purpose, we created a database that 
contains 1500 images of five different types of objects, 
the ground truth in terms of object labels, and the 
locations in terms of bounding boxes. These images 
were taken in different orientations, positions, and 
lighting conditions to make our recognition system 
robust. These objects are different types of tools from 
our laboratory. We consider only the objects, which 
can grasp using our robot manipulator.  
We trained our model with Matlab Framework. The 
training was conducted by a system with the following 
specifications: an NVIDIA GeForce GTX1060, 
CUDA 1152 (Pascal), Intel Core i5-8400 CPU @2.80 
GHz 2.80 GHz, 8GB RAM, 64-bit Operating system 
and Windows 10 Home. It took about one day to train 
the network.  
 
B. Evaluation  
We evaluated our approach in the real-time 
experiment as shown in Fig. 4. A snapshot was taken 
by USB camera (shown in Fig. 4 (a)). There were ten 
objects of five categories i.e. Black Screwdriver, Red 
Screwdriver, Red-Back Screwdriver, Blue 
Screwdriver, and Electric Battery. Due to small sizes 
of objects, objects were labeled in the shorter name 
such as Black Screwdriver as BK, Red Screwdriver as 
RD, Red-Back Screwdriver as RDB, Blue Screwdriver 

as BL, and Electric Battery as BT. These objects were 
randomly scattered and in some cases, objects were 
partially occluded by others objects.  
The recognized objects using our proposed method are 
shown in Fig. 4 (b). As seen in Fig. 4 (b), our method 
can accurately recognize objects even though some 
objects are partially occluded by other objects. Our 
method recognized the objects from features of the 
seen part of occluded objects. We have demonstrated 
that our proposed model benefits more from better 
features and feature maps. The RPN learned the 
proposed regions from Neural Networks. This 
observation is valid even one increases the depth to 
over 100 layers [21]. We also found that the number of 
epoch has a big influence on the recognition rates.  
 
CONCLUSION AND FUTURE WORK  
 
We have proposed a method based on Faster R-CNN 
for partially occluded object recognition. It is difficult 
to recognize the small and occluded objects due to the 
inability of the RPN to accurately localize these objects 
in the scene because of low-resolution of the feature 
maps. Meanwhile, it is possible to use a deep CNN in 
RPN because of the sharing of convolutional layers 
between the RPN and Fast R-CNN detector model. We 
found that the effectiveness of our method came from 
the RPNs. We evaluated our proposed approach in 
object recognition tasks for robotics application. 
Experimental results showed that our method 
outperformed in the recognition tasks of cluttered 
scenes in the real-time experiment. 
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In future work, we plan to extend our approach to 
grasp the recognized objects by robot manipulator. 
The robot will pick-up the specifically requested 
object. If the requested object is occluded by other 
objects, the robot will remove that objects first, then it 
will pick-up the requested object and give to the 
requested user.  
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