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ABSTRACT
For RGB-D object recognition, conventional methods only focus
on classification, which neglects the importance of humans for ob-
ject segmentation and object concept learning in the interaction and
has limitations when transferring the learned knowledge to general
indoor scenes. In this paper, we propose a system that humans
can teach robots object concepts and instances by the way of hand-
held object recognition, a newly research topic in RGB-D object
recognition, then these concepts and instances are transferred to
more general indoor scenes to recognize target objects. Unlike tra-
ditional approaches of RGB-D object recognition, human-machine
interaction is considered in our system, in which robots can obtain
the object region from object segmentation and enhance its own in-
teractive learning ability. In addition, we propose an RGB-D object
dataset to match the hand-held object dataset. In experiments, we
use CNN to learn feature representation of RGB-D images in the
hand-held training object dataset and RGB-D test object dataset re-
spectively. Experimental results show that our system has a strong
capability in RGB-D object recognition.

Categories and Subject Descriptors
I.4.8 [Image Processing and Computer Vision]: Scene Analysis

General Terms
Design, Experimentation
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1. INTRODUCTION
Although RGB-D object recognition develops rapidly in com-

puter vision and robotics with the popularization of high-quality
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RGB-D cameras, like Kinect, ASUS Xtion Pro Live, recognition
process in previous work lacks people involvement. Traditional
methods merely focus on how to learn better feature representa-
tion and get a more accurate classification result. However, they
neglect the influence that humans contribute to acquiring object re-
gions from RGB-D cameras and learning the knowledge concern-
ing object concepts from speech in early image processing, in addi-
tion, it is uncertain that the system can be robust when transferring
the learned knowledge of object concepts and instances to other
indoor environments. To address this problem, in this paper, we
propose an RGB-D recognition system which can learn object con-
cepts from hand-held object recognition in CNN framework, then
transfer the learned knowledge to new indoor scenes to search and
recognize the same or similar objects.In hand-held object recogni-
tion, the objects in hands can be acquired from object segmenta-
tion and these object concepts and instances can be also mastered.
Our system combines learning from hand-held teaching and trans-
ferring the learned knowledge to real-world surroundings success-
fully, which especially accords with robot learning activities and
embodies a complete flow of robots mastering learned object con-
cepts and instances.

For object recognition, its goal is to learn robust feature repre-
sentation and train optimal classifiers to gain strong classification
results. To learn feature representation, conventional methods use
hand-crafted features, such as SIFT[12], SURF[2]and HOG[17] to
describe images from distinct sides such as color, texture, edge,
shape, etc. However, hand-crafted features have some restrictions
for image characterization, which only adapt to specific small dataset
and cannot characterize high-level semantics representation. With
the development of deep learning, deep neural networks are ap-
plied to image representation gradually, such as CNN[10], Autoen-
coder[11]and RNN[13]. Features can be learned by deep neural
networks without supervision and the learned features are robust
and high-level for image classification. CNN has a strong ability
in image characterization and has been applied to RGB-D object
recognition. In this paper, we utilize CNN framework to extract
RGB-D image features.

Hand-held object recognition[14, 15] is an important part in in-
teractive learning in vision-based environment. It reflects a process
of teaching and learning. It can be imagined that the robot can con-
tinue improving its own learning ability when seeing objects held
in the user’s hands and hearing user’s speech describing the objects.
With the popularization of RGB-D camera, not only is color infor-
mation obtained, but also human body information and depth data



around the surrounding scene can be easily provided. Thus, robots
can generate a better understanding to users and environments. In
hand-held object recognition, hand positions can be regarded as
initial points due to objects in the user’s hands, and they can be ac-
quired from the user’s skeletal information, so it is easy to separate
the objects in hands according to depth cues.

In this paper, we provide an RGB-D object dataset which has
same categories and instances as the hand-held object dataset(HOD)
[14]. In experiments, we obtain segmentation regions of target ob-
jects from RGB images and depth maps in HOD and RGB-D object
dataset. Next, we use HOD as the train set to learn object concepts
and instances for the task of hand-held teaching, then RGB-D ob-
ject dataset is used as the test set, which evaluates the recognition
capability of our system in general indoor scenes. It can be indi-
cated from the experimental results that our system attains the goal
of learning from hand-held teaching and recognizing objects in new
indoor surroundings.

The rest layout of this paper is as follow: Section II is some re-
lated work on RGB-D recognition, Section III describes the system
framework, Section IV shows experiment setup and experimental
results. Finally, Section V concludes the paper.

2. RELATED WORK
In recent years, RGB-D object recognition has been a booming

research field in computer vision and robotics with the widely uti-
lization of cheap RGB-D sensors. Some typical methods extract
hand-crafted features for RGB-D object recognition. [5] proposed
a HMP method based hierarchical sparse coding to learn local fea-
tures of RGB images and depth maps. [4] also presented a depth
kernel descriptor to fuse multiple hand-crafted features for the mis-
sion of object recognition. [3] provided a convolutional k-means
descriptor for RGB and depth images, and it can learn meaningful
local feature description automatically. Besides, With the rise of
deep learning, Deep neural networks gain roaring success in com-
puter vision tasks, and most of methods of RGB-D object recog-
nition extract features in the framework of deep neural networks,
taking the advantage of well performing feature learning. [16] pre-
sented a method combining convolutional and recursive neural net-
works to learn features and classify the RGB-D images, in their
framework, RGB and depth features are learned by CNN-RNN in-
dividually. The final feature are represented by the concatenated
feature vector. [7]proposed an approach which encodes the depth
image with three channels at each pixel: horizontal disparity, height
above ground, and the angle between the local surface normal and
the inferred gravity direction, then train CNN on respective chan-
nels. [8] proposed a deep Regularized Reconstruction Independent
Component Analysis network (R2ICA) for RGB-D image classi-
fication, which builds the relationship between the gray-scale and
depth images corresponding to the same object or scene and use lo-
cal contrast normalization and spatial pooling to learn robust image
representation. [1] divides instances in datasets into different sub-
sets according the object shape, then integrates sparse autoencoder
and recursive neural network to learn a fused feature by concate-
nating the RGB feature and the depth feature.

Hand-held object recognition is a newly research area in RGB-
D object recognition, [14] proposed an approach which assembles
RGB and depth features learned by pretrained CNN and 3D point
cloud features into a total feature vector and gains a good recogni-
tion result in seen and unseen category recognition. [15] proposed
a hierarchical feature learning framework, which has different net-
work architectures and learning manners in the RGB modality and
the depth modality, then the features are input to the high-level neu-
ral network to learn robust feature representation, which gets an

semantic description in the final fused feature vector.

3. THE PROPOSED SYSTEM
In our system, we want to realize the goal that humans can teach

robots object concepts and instances by hand-held teaching, then
robots can search and recognize target objects in other indoor scene
using the prior learned knowledge . The pipeline of our system is
shown in Figure 1. Our system can be divided into three parts: ob-
ject segmentation, feature extraction and image classification. In
the part of segmentation, we use region-growing algorithm to pro-
cess hand-held RGB-D images based on depth maps and human
skeletal information. For images in the RGB-D object dataset, we
use the approach of interactive region growing to gain the target ob-
ject mask. After segmentation, we utilize CNN framework to learn
feature representation. In Figure 1, we can find that our network
consists of two streams processing RGB images and depth maps
independently and the features in the FC7 layers of two modalities
are concatenated as the discriminative feature. After that, rbf ker-
nel SVM will be trained to classify the final combined feature. In
our system, to represent the principle of teaching and learning, we
firstly learn knowledge concerning object concepts and instances
in pretrained CNN on segmented images in HOD. When obtaining
the knowledge, it is proved that robots have learned these object
concepts and instances. Then, we use the segmented images in the
RGB-D object dataset as the test set to evaluate the classification
ability. Then we will explain the segmentation and feature learning
in detail.

3.1 Object Segmentation
For the HOD dataset, we separate objects from the depth map.

First of all, the depth map is filtered to eliminate image noise and a
portion of black holes are filled. When the depth map is captured,
body skeletal data is also collected by RGB-D sensors which assists
in locating positions of target objects. Hand-held object recogni-
tion meets the fact that target objects are usually in the left or right
hand, so the initial segmentation points are the position of double
hands in depth maps. Next, using double hand position as initial
seeds, we can obtain the object mask in region-growing algorithm,
which clusters the similar set of points less than the depth thresh-
old. The algorithm makes good use of spatial information in the
depth map, and it is simple and practical for object segmentation
in the hand-held object scene. The detailed description of region
growing algorithm are shown in [14].

For RGB-D object dataset, we use the interactive region-growing
method to obtain the target object mask. The initial point is manu-
ally chosen from the target object region in the depth map, and used
as the initial seed, then the object mask is acquired by clustering
the points belongs to the target object. Meanwhile, the segmented
region in the RGB image and the depth map are also obtained.In
the future, we will use selective search algorithm to get the target
object proposal from the RGB image based on different slices of
depth value in the depth map.

3.2 Feature Learning
In this paper, the deep feature is used to represent the RGB image

and the depth map. We utilize CaffeNet[9, 10] to extract features
from RGB images and depth maps respectively. Before extracting
features, we need to preprocess RGB images and depth maps for
network requirements. For both RGB and depth modalities, the
input images are resized to 227×227×3 pixels and each image re-
moves the mean value of the image. For extracting features, firstly,
we represent image features on feed-forward CaffeNet, which is
pretrained on a large dataset(ISLVRC 2012 for ImageNet) and re-



Figure 1: The pipeline of our system.The system includes 3 parts: object segmentation, feature extraction and image classification

Figure 2: The RGB-D object dataset proposed in the paper,
which includes 9 categories:(a)ball, (b)book, (c)glove, (d)fan,
(e)bottle, (f)box, (g)calculator, (h)can and (i)cup. In addition,
we extend the instances in 9 same categories in HOD to keep
consistent with the RGB-D object dataset.

trained on HOD and proposed RGB-D object dataset. Then we ex-
tract the 4096-dimensional feature of the FC7 layer from the RGB
stream and the depth stream independently. In addition, the features
learned from both of the RGB modality and the depth modality are
concatenated into an 8192-dimensional feature vector and used as
final image representation.

4. EXPERIMENTS

4.1 Datasets

4.1.1 Hand-Held RGB-D Object Dataset
For hand-held teaching task, we use the hand-held RGB-D ob-

ject dataset(HOD) in [14]. The dataset extracts 12800 video frames
from Kinect camera placed 1.5m above the ground. In each frame,
we obtain an RGB image, a depth map and human skeletal data
from color and depth stream in Kinect. For reducing image noise
and gathering stable skeletal data during the capturing process, hu-
man body in front of Kinect should keep a suitable distance, ap-
proximately 1~2m. The hand-held object dataset contains 16 com-
mon object classes, each of which has 4 instances, 64 instances
totally. Every instance are captured by two person in two differ-
ent scenes. In our experiments, we choose 9 categories from HOD,
and extend some instances to meet the requirement of the RGB-D
object dataset.

4.1.2 RGB-D Object Dataset
For the task of classification in general indoor scenes, we col-

lect an RGB-D object dataset captured by Kinect in the indoor
scene.The dataset includes 9 same everyday object classes as HOD,
which are ball, book, bottle, box, calculator, can, cup, fan and
glove. Each of category contains 3 or 4 instances. The total num-
ber of the RGB-D object dataset is 6602. The dataset gains the
RGB images and depth maps from multiple view angles around the
horizon and vertical axis.The dataset is shown in Figure 2.

Note that the same category among two datasets has same in-
stances, and the distributions of two datasets are consistent with
each other.

4.2 Experiment Setup
Our system is employed on CaffeNet framework which consists

of five convolutional layers and three fully-connected layers. For
RGB and depth modalities, both of them utilize the same frame-
work pretrained on ImageNet 2012. We preprocess images accord-
ing to Section 3.2 for both of the RGB and depth modality, then the
processed RGB images and depth maps are independently input to
the network and the FC7 feature for CaffeNet is extracted as the im-
age feature. Note that the FC6 and FC7 of two streams are followed
by a dropout layer with a dropout rate of 0.5. Finally, we concate-
nate the features of two modalities into a final feature vector, and
then we use the rbf kernel to train a classifier in LibSVM[6].

Towards two datasets, we evaluate the performance of our sys-
tem on two levels: seen object recognition and unseen object recog-
nition. For seen object recognition, just as its name implies, it rep-
resents that both of the train set and the test set have same instances
in every category. Even though the images in each instance among
train and test sets are different from poses, views and light changes,
in the aspect of feature representation, they still keep some similar-
ities with each other, so it is easy for the system to recognize the
object in the test image. In the experiment, we train all of instances
in HOD and test all of instances in the RGB-D object dataset. For
unseen object recognition, although some object categories have
been seen in advance, it is difficult for system to recognize the im-
ages from some new instances in the est set which don’t appear in
the train set. In the experiment, we choose one instance in every
category to form the test set, and the remaining instances in every
category are added into the train set.

4.3 Experimental results
We evaluate seen and unseen experiments in RGB, depth and

concatenated features respectively. Table 1 shows experimental re-
sults of seen and unseen object recognition in three different kinds
of features,and it reveals that the classification accuracy of using
RGB+Depth fused features is higher than 2~4% than using RGB
feature, and it can represent images better than individual RGB or
depth features regardless of unseen and seen object recognition.

Besides, the performance on seen object recognition is very ro-
bust even if the segmented images have interference of inevitable
hand information from Table 1 and Figure 3. For unseen object
recognition, when using concatenated features, the classification
accuracy reaches up to 61.88% and it illustrates that our system
has good abilities of recognizing unseen instances in prior trained
knowledge of other instances from Table 1 and Figure 3 although
our dataset are not big enough.



Table 1: Classification accuracy in RGB, Depth and
RGB+Depth fused features

Accuracy(%) RGB Depth RGB+Depth
Seen recognition 82.61 51.70 86.35

Unseen recognition 59.58 40.27 61.88

Figure 3: The respective confusion matrices of seen and unseen
object recognition in the concatenated feature

In a word, our system achieves the goal of learning from hand-
held teaching and transferring the learned knowledge to the new
indoor scene, and performs well in seen and unseen object recog-
nition.

5. CONCLUSION
In this paper, we propose an system which integrates modules

of learning from hand-held teaching and application in the general
indoor scene. The system conforms to the learning behaviors of
robots, the modality of hand-held object recognition achieves the
goal of teaching robots object concepts and instances, then all of
them are mastered by robots. In practice, robots utilize mastered
knowledge to recognize objects in more general indoor scenes. In
our system, we separate RGB images and depth maps in HOD and
RGB-D object dataset proposed in the paper, and CaffeNet is pre-
trained on ImageNet 2012 to extract features on the RGB and depth
stream, finally, the RGB and the depth feature are concatenated to
represent the object. In experiments, we learn object concepts and
instances from HOD, and the RGB-D object dataset is used to test
the classification capability in new indoor environments. Experi-
mental results show that the performance on seen and unseen ob-
ject recognition is wonderful and the proposed system is capable of
learning from hand-held teaching and transferring learned knowl-
edge to the new indoor scene.
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