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Abstract Object recognition has many applications in human-machine interaction and multimedia retrieval. However,

due to large intra-class variability and inter-class similarity, accurate recognition relying only on RGB data is still a big

challenge. Recently, with the emergence of inexpensive RGB-D devices, this challenge can be better addressed by leveraging

additional depth information. A very special yet important case of object recognition is hand-held object recognition, as

manipulating objects with hands is common and intuitive in human-human and human-machine interactions. In this paper,

we study this problem and introduce an effective framework to address it. This framework first detects and segments the

hand-held object by exploiting skeleton information combined with depth information. In the object recognition stage,

this work exploits heterogeneous features extracted from different modalities and fuses them to improve the recognition

accuracy. In particular, we incorporate handcrafted and deep learned features and study several multi-step fusion variants.

Experimental evaluations validate the effectiveness of the proposed method.

Keywords RGB-D, hand-held object recognition, heterogeneous features fusion

1 Introduction

Objects are basic components in human interaction,

and thus object recognition is a fundamental problem

in computer vision, multimedia retrieval, and human-

machine interaction. Although widely investigated, re-

liable object recognition relying only on visual informa-

tion (i.e., RGB images in the paper) is still very chal-

lenging, as instances of the same object class may have

very different visual appearances, while sometimes ob-

jects from different classes may look very similar[1]. In

recent years, the emergence of inexpensive RGB-D de-

vices (e.g., Kinect), provides an additional depth chan-

nel, which can be exploited to alleviate this problem.

However, there are still many challenges in object recog-

nition: 1) how to locate and segment target objects,

removing them from the background, 2) how to design

representative and discriminative features to describe

objects, and 3) how to design robust models that ex-

ploit these features to accurately recognize the objects

of interest.

Object recognition[2-4] typically involves extracting

class-discriminative features and training multi-class

classifiers to make predictions over unknown images.

Because visual features can be greatly influenced by

background, image segmentation can separate objects

from background and obtain descriptors for different

image regions respectively. In the case of including

depth information, these descriptors can be combined

with additional spatial information. While image seg-
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mentation itself is a difficult and ill-posed problem, the

presence of complex backgrounds makes it especially

hard to solve. Feature extraction is also critical for

good recognition performance. Different handcrafted

features like SIFT[5], spin images[6], fast point features

histogram[7], and ensembles of shape features (ESFs)[8]

have been proposed to represent low-level 2D and 3D

information, being robust to transformations such as

rotation and scale. However, higher level cues are more

difficult to be included in the design of a good feature.

More recently, a new trend is to learn deep features

directly from some training data instead of designing

them manually. In particular, convolutional neural net-

works (CNNs)[9] can learn higher order properties lead-

ing to features that can describe higher level properties

of the images. This higher level of abstraction in the

feature can help to discriminate better between cate-

gories. In order to combine the advantages from both

types of features, we use different strategies to fuse

handcrafted and deep features in multiple stages.

On the other hand, advanced interaction with de-

vices such as computers or smartphones[10-11], requires

the capability to extract and interpret high-level mes-

sages from low-level multimedia signals, in order to en-

able the user to communicate with the device in a more

natural and intelligent way. Instead of traditional in-

puts such as keyboards and mouse devices, we have

recently witnessed the emergence of new ways to in-

teract with computing devices. Natural language pro-

cessing techniques have brought applications such as

personalized intelligent assistants, capable of listening,

interpreting, and communicating with the user using

speech. The body can also be used to interact with the

system which can track parts of the body using mo-

tion tracking techniques and recognize different body

gestures. In particular, hands can be used to commu-

nicate with systems in a natural and intuitive way. We

could foresee many potential scenarios involving hands

to interact with computers or with other human users.

For instance, a user holds a damaged toy or a worn-

out sweater and shows it to the system for online shop-

ping or product recommendation. In such scenarios, the

server must recognize the object being held in hand.

Motivated by the previous discussion, in this work

we focus on the special and important case of hand-held

object recognition. Hand-held object recognition can

exploit prior knowledge, take advantage of RGB-D de-

vices, and use specific segmentation techniques to find

hand-held objects, which effectively eliminates noises

due to complex backgrounds. In this paper, we intro-

duce the hand-held object recognition (HOR) task and

a related hand-held object dataset (HOD) for evaluat-

ing these techniques, describe a segmentation method

based on skeleton and depth information, and study

the fusion of heterogeneous multimodal features to im-

prove the representation ability for this problem. In this

paper, we extend our preliminary work on HOR[12-13]

with comprehensive experiments including additional

features and feature fusion variants, and provide more

detailed analysis and discussion of the results.

The HOR framework has two stages. First, the

hand-held object is detected using a segmentation al-

gorithm designed for this particular problem, leverag-

ing depth and skeleton information. Then, in the ob-

ject recognition stage, different features are extracted,

including RGB-D handcrafted features and deep con-

volutional features, which are combined in a two-step

fusion. Conventional support vector machines (SVMs)

are used for the final classification. Our experiments

show that combining multiple complementary features

can improve the performance of individual features.

This paper is organized as follows. The next sec-

tion reviews some related work. Sections 3 and 4 de-

scribe the hand-held object segmentation and recogni-

tion methods, respectively. Section 5 introduces the

hand-held object dataset (HOD) and experimental re-

sults. The last section summarizes the results and de-

scribes future research.

2 Related Work

2.1 Hand-Held Object Recognition

Previous studies on hand-held object recognition

are focused on first-person (egocentric) interfaces[14-15].

Thus here we distinguish between first-person and

second-person interfaces. In the former, hand-held ima-

ges are captured from a first-person point of view, typ-

ically with a smartphone. Note that in this case the

user previews the image and can interactively control

the camera and the object to optimize the coverage and

the quality of the image, and minimize hand occlu-

sion. The Small Hand-Held Object Recognition Test

(SHORT)[14] focuses on this case. Another dataset in-

cluding hand-held objects captured from a first-person

point of view is Text-IVu[15]. Objects are similar, but

the main purpose of this dataset is text recognition in

hand-held objects. In both datasets, the objects appear

centred and cover most of the image, which makes the

detection simpler, even without segmentation.
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Our work, in contrast, is designed for second-person

interfaces, where the camera is located in the robot or

system the user is interacting with, and consequently

images are captured from a second-person point of view.

The proposed HOD is designed for this scenario. The

user does not visualize the image in real time, thus hav-

ing less control over the captured image. A natural

interaction requires certain distance, thus the objects

cover only a fraction of the captured image. For this

reason, segmentation is critical, and additional data

such as depth and skeletons are necessary for better

recognition. In contrast to SHORT and Text-IVu that

only include RGB images, HOD also includes depth and

skeletal data.

As both cases are very different, we consider first-

person hand-held object recognition and second-person

hand-held object recognition as different tasks, where

specific techniques need to be developed and evaluated

with the corresponding datasets.

2.2 RGB-D Object Segmentation

Most prior studies on RGB-D image and scene un-

derstanding have focused on perceptual and semantic

segmentation. Silberman et al.[16] used depth informa-

tion for bottom-up segmentation and then used context

features derived from contextual relationships in the

scene to perform semantic segmentation. Some work

uses features based on kernel descriptors extracted on

superpixels and their ancestors from a region hierar-

chy. Koppula et al.[17] studied the problem of indoor

scene parsing with RGB-D data in the context of mo-

bile robotics. Gupta et al.[3] used geometric contour

cues for scene understanding. For some applications,

such as gesture recognition, the system can focus on a

particular object (i.e., hand) ignoring the rest of the

scene. For instance, Chai et al.[4] used depth and RGB

information to locate the position of the hand, and then

track its trajectory. Based on this trajectory, they can

model different gestures.

In contrast to general object or scene parsing met-

hods, our approach is designed specifically for the HOR

problem. In contrast to gesture recognition, we still fo-

cus on the object held on the hand, rather than the

hand itself. In HOR, the hand remains mostly static.

We exploit skeleton information to infer the location

of the hand, and focus on that region to segment the

object of interest. By exploiting prior knowledge about

the HOR problem, our task-specific detection and seg-

mentation method is more robust than general segmen-

tation methods, having three inherent advantages: it

eliminates more effectively the background; recognition

is more reliable, as there is only one candidate; and the

computational complexity is significantly reduced.

2.3 RGB-D Object Recognition

RGB-D combines specific techniques to exploit RGB

and depth data. For the case of single object recog-

nition (i.e., the image covers a close-up of the object

of interest), Bo et al.[2] introduced hierarchical match-

ing pursuit (HMP) for RGB-D data, which uses sparse

coding to learn hierarchical feature representations di-

rectly from raw RGB-D data in an unsupervised way.

In the case that the image contains multiple objects

(e.g., an indoor scene), the different objects must be

located and recognized. Typically, object candidates

are first detected and then classified into known cate-

gories (or discarded as false detections). Kanezaki et

al.[18] used a sliding window approach to detect all can-

didate objects. It can find the position of each object,

but it is very time-consuming. Gupta et al.[3] general-

ized the deformable parts model (DPM) detector[19] to

RGB-D images by computing additional features from

the depth image. Alexandre[20] applied convolutional

networks (CNNs)[9] to RGB-D data by using four chan-

nels (three of color and one of depth). An alternative

method[21] encodes each RGB-D pixel as a triplet (hori-

zontal disparity, height above ground, and the angle to

the local surface), and then trains a CNN model for

detection.

2.4 Feature Fusion

Different features often capture complementary

properties of the image. For images, such proper-

ties may include local or global patterns related to

color, shape, or texture. Thus, combining features

may be beneficial to obtain a better representation of

the image, and feature fusion has been used in com-

puter vision to improve recognition accuracy. Many

recognition tasks can benefit from combining heteroge-

neous features. For instance, Cimpoi et al.[22] combined

attribute-based descriptors and the improved fisher vec-

tor (IFV) for texture recognition. Xiao et al.[23] com-

bined unsupervised CNN features and a number of

handcrafted ones for scene recognition.

There are many ways for feature fusion[24]. A sim-

ple way is simply concatenating feature vectors together

into a longer vector. However, this method may not

work properly if the information conveyed by different

features is not equally represented or measured. Sun
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et al.[25] used partial least squares (PLS)[26] regression

to fuse pairs of features. The basic idea of PLS is to

find a pair of directions such that the covariance be-

tween the projections of two feature sets is maximized.

Multiple kernel learning (MKL) models feature fusion

in kernel space, by designing a multi-feature kernel as

a linear combination of feature-specific kernels. Thus,

MKL can cope with heterogeneous features via their

kernels. This new kernel can be used in kernel-based

classifiers such as SVMs. Xiao et al.[23] used a weighted

sum of kernels, but the weights are learned empirically.

Most computer vision studies on feature fusion focus

on RGB images. Our approach mainly focuses on ex-

ploiting multiple complementary RGB-D features, ex-

tracted from different modalities, and exploring differ-

ent multi-step fusion architectures.

3 Hand-Held Object Segmentation

Color and depth images are captured by an RGB-D

camera, whose API also provides skeletal data. Prior

to segmentation, depth map is preprocessed to filter

noise and recover part of the missing depth data. Depth

is interpolated in pixels where more than half of their

eight neighbors have valid depth. As part of the skele-

tal data, an estimation of the location of the hand is

provided. Based on the assumption that hand-held ob-

jects are connected to the hand, an initial segmentation

is obtained. The hand position will typically fall in the

object region (see Fig.1(c)).

(a) (b) (c)

Fig.1. Hand-held recognition datasets. (a) Text-IVu. (b)
SHORT. (c) HOD (RGB and depth). Images in Text-IVu and
SHORT are captured from a first-person point of view and do
not include depth. Images in HOD are captured from a second-
person point of view, and include RGB, depth, and skeleton
information.

Using the hand position as reference and initial seed,

we obtain the object mask using a region-growing algo-

rithm (see Fig.2). This algorithm examines the neigh-

bors of the points in the seed set and includes them in

the seed set when they are at a similar depth as the

hand.

Input: depth image d(x), initial hand location xH (from
skeletal data); threshold T
Output: object segmentation mask S(x)

// x = (x, y)
// N (x) =8-connected neighbors of x
S(x)← 0, seen(x)← false for all x
queue.push(xH)

dH ← 1
9

(
d(xH) +

∑
z∈N (xH) d (z)

)
repeat

x← queue.pop ()
if not seen(x) and |d(x)− dH| 6 T then

S(x)← 1
for each z in N (x) do

if not seen (z) then
queue.push (z)

end if
end for
seen(x)← true

end if
until queue.empty ()
return S(x)

Fig.2. Hand-held object segmentation algorithm.

The algorithm is simple yet robust. Compared

with vision-based segmentation methods, the proposed

method locates the target object more accurately based

on the hand-held assumption. The objects of inte-

rest are better recognized using depth information than

those using visual appearances, especially when back-

ground is cluttered. The segmentation pipeline is

shown in Fig.3 and some results are shown in Fig.4. Al-

though we also study more complex variants (e.g., bet-

ter estimation of hand position depending on skeletal

relations, skin detection), in practice we observe that

the performance of this simple method is very similar

and satisfactory enough.

RGB Image

Depth Map

Skeletal Data

Multimodal Cues Pre-Processing

``Hand-Held''
Premise of

Locate Object
Segmentation

Depth Region
Growing

Segmentation

(a) (b)

Fig.3. Segmentation pipeline.
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Fig.4. Segmentation results.

4 Hand-Held Object Recognition

The recognition stage includes feature extraction,

feature fusion and classification. In the following, we

give more details about the different features and meth-

ods we use to combine them. For classification, we

use conventional SVMs. Fig.5 shows the recognition

pipeline (one of the variants).
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Fig.5. Example of hand-held object recognition pipeline.

4.1 Feature Extraction

We consider four different types of features in

this paper (see Fig.5): ESF[27], C3-HALC (Circular

Color Cubic Higher-Order Local Auto-Correlation)[28],

GRSD (Global Radius-Based Surface Descriptor)[30]

and CNNs[9]. ESF, C3-HALC, and GRSD are hand-

crafted features while CNNs features are automatically

learned from a set of training data. These features

also are extracted from different modalities. While

CNNs features are extracted directly from either RGB

or depth images, ESF, C3-HALC, and GRSD are ex-

tracted from a point cloud representation, indirectly

obtained from the RGB and the depth data. ESF and

GRSD are mostly focused on shape properties while C3-

HALC is useful to represent color and texture. CNNs

features in general can capture higher-level properties

of the image. Thus, the different features cover multi-

ple modalities and represent complementary aspects of

the image (see Table 1).

Table 1. Different Features and Their Characteristics

Notation Modality Feature Dimension Properties

C-CNN RGB CNN 4096 Color, shape,

texture, high-level

D-CNN Depth CNN 4096 Shape, high-level

ESF Point cloud ESF 0640 Shape

C3 Point cloud C3-HALC 0117 Color, texture

GRSD Point cloud GRSD 0020 Shape

4.1.1 Handcrafted Features

The Ensemble Shape Functions (ESF)[27] descrip-

tor is an ensemble of 10 64-bin histograms of shape

functions, describing the characteristic properties of the

point cloud. The 10 shape functions include three angle

functions, three area functions, and one distance-ratio

function. Thanks to the availability of the depth chan-

nel, a point cloud can be reconstructed easily. The

ESF descriptor is a global shape descriptor based on

three distinct shape functions as above. It can be ef-

ficiently computed directly from the point cloud with-

out requiring preprocessing steps such as hole filling,

smoothing or surface normal calculation. Furthermore,

ESF can gracefully handle data errors such as outliers,

holes, noise and coarse object boundaries.

C3-HALC[28] descriptor is a high-dimensional vec-

tor that measures the correlation of colors between two

neighboring voxels. It combines the multiple RGB val-

ues of neighboring voxels in a local 3× 3× 3 grid com-

puted in a voxel grid of arbitrary size.

GRSD[30] was proposed to model everyday objects

for mobile manipulation applications. Based on a voxel

representation, each voxel is classified into one of a set

of predefined geometric labels (plane, cylinder, edge,

rim, or sphere), based on the radius-based surface de-

scriptor (RSD) of the voxel. Then GRSD is computed

from these local RSDs.

4.1.2 Convolutional Neural Networks

Recently, CNNs have been used successfully in

many computer vision tasks, including (RGB) ob-

ject recognition[9] and recent RGB-D object recog-

nition[9,20-21]. In order to use CNNs on HOD, we use

the binary mask map which is computed during seg-

mentation to get the object mask in both RGB and
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depth images. As the input to CNNs is a rectangular

image and the segmented object has irregular shape,

we pad the empty pixels in the bounding box with ze-

ros (see Fig.6). We separately extract a CNNs feature

from both the RGB image and the depth image us-

ing the Caffe implementation[29]. The architecture has

eight layers. The first five layers are convolutional lay-

ers, while the sixth and the seventh layers are fully con-

nected layers and the final layer is a softmax classifier.

We discard the classifier and use the output of the sev-

enth layer as a feature (4 096-dimensional).

(a)

(b)

Fig.6. Empty pixels are filled with zeros (black pixels) in both
(a) RGB and (b) depth images.

4.2 Feature Fusion

Depending on the task and the features, different

fusion methods lead to very different classification per-

formances. There are two main types of fusion schemes,

depending on the stage information being combined[31].

Late fusion is often achieved using multi-classifier or

multi-expert combination strategies. Early fusion is

at the feature level, which plays an important role in

the process of data fusion. Fusing at feature level tries

to select the most discriminatory information from the

original feature sets involved in fusion. In most cases,

features extracted from different modalities are highly

correlated. Thus, simple normalization or weighting is

often not enough to fuse features effectively.

We consider two operations to fuse data: concate-

nation and multiple kernel learning (MKL), which we

sometimes combine in multiple steps. For convenience,

we denote these two feature fusion operations as [A,B]

and A+B, respectively (see Table 2 for examples). The

former consists of stacking the feature vectors of the

different features in a longer vector, and uses it as a

single feature. However, concatenating heterogeneous

features from different modalities must be done care-

fully, since the information conveyed by different fea-

tures is not equally represented or measured[24]. MKL,

in contrast, combines the features as the combination

of kernels. Each feature is related with one kernel, and

MKL tries to combine the advantage of each of them.

It is particularly suitable to deal with heterogeneous

data.

Table 2. Notation for the Multi-Step Fusion Variants

Step 1 Step 2

Example 1 [C-CNN, D-CNN] [C-CNN, D-CNN]+

[ESF, C3] [ESF, C3]

Example 2 [C-CNN, D-CNN] [C-CNN, D-CNN]+

ESF ESF+C3

C3

Example 3 [C-CNN, D-CNN, ESF, C3]

Note: [A, B]: concatenation of features A and B; A+B: MKL
fusion of features A and B.

MKL[24] usually considers two types of kernel func-

tions. Local kernel functions are suitable in learning,

but can lead to overfitting. Global kernel, in contrast,

can lead to better generalization. In order to combine

both advantages, we use a weighted combination of lo-

cal and global kernel functions. In particular, we use

a polynomial kernel and a Gaussian kernel, which are

typical global and local kernel function, respectively.

The combined kernel is

K (xi, xj) =

N∑
z=1

λ(G)
z K(G)

z (xi, xj) +

N∑
z=1

λ(P )
z K(P )

z (xi, xj)

s.t. λz > 0,

N∑
z=1

λ(G)
z +

N∑
z=1

λ(P )
z = 1,

where N is the total number of features, K
(G)
z and λ

(G)
z

are the candidate Gaussian kernel and the correspond-

ing weight for feature z respectively, and K
(P )
z and λ

(P )
z

are the corresponding polynomial kernel and weight re-

spectively.

5 Experiments

5.1 Hand-Held Object Dataset

To the best of our knowledge, there is no suitable

dataset for this new HOR task. For this reason, we in-
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troduce the hand-held object dataset (HOD), designed

specifically to evaluate HOR.

HOD contains a total of 12 800 video frames

recorded with a Kinect camera, placed at about 1.5 m

above the ground. For each frame, we capture one RGB

image, one depth map, and the skeletal data for the

human (obtained using the Kinect API). The dataset

includes 16 common object categories (see Fig.7), each

of which has four instances (a total of 64 object in-

stances). For more reliable depth and skeletal data,

the target human body should stay within the distance

recommended by Kinect (1∼3 meters).

The data was collected in two different scenes (i.e.,

locations) and by two different users (see Fig.4). Each

instance is used four times, corresponding to the four

combinations of users and scenes. For each combination

of user, location, and instance, we capture 50 frames

(640×480 pixels, 30 fps, subsampling ratio 1/30), and

thus we collected a total of 200 frames per instance and

800 frames per object category. During the data collec-

tion process, the pose and the distance of the hand-held

objects are varied, and accordingly the dataset covers

multiple views of each object (see Fig.4).

(a)

(e)

(i)

(m)

(b)

(f)

(j)

(n)

(c)

(g)

(k)

(o)

(d)

(h)

(l)

(p)

Fig. 7. Hand-held object dataset. We show the four instances of each of the 16 object classes. (a) Apple. (b) Ball. (c) Book. (d) Bottle.
(e) Dish. (f) Disk. (g) Fan. (h) Glove. (i) Box. (j) Calculator. (k) Can. (l) Cup. (m) Handbag. (n) Hat. (o) Keyboard. (p) Trashcan.

5.2 Experimental Setup

For each frame in the dataset, we first segment the

hand-held object. Then we obtain the point cloud and

extract ESF (sampling point set to 20 000), C3-HALC

(voxel size 0.01 m) and GRSD (search radius for the

surface normal set to 0.02 m) features. From RGB and

depth images, we also extract CNNs features. Classi-

fiers are implemented using libSVM (λ = 0.000 5). For

MKL, we use Gaussian kernels with different sizes (0.5,

1, 2, 5, 7, 10, 12, 17, and 20), polynomial kernels of

different degrees (1, 2, and 3) and C = 1000.

In order to reduce the possible dependency of the

results on the particular person and scene involved, we

use different combinations of scene and person for train-

ing and testing. For example, if we use the data col-

lected in scene 1 by user 1 as the training set, then we

use the data collected in scene 2 by user 2 as the test

set. Thus we have four combinations and we report the

average results.

5.3 Seen and Unseen Instances

In contrast to other object recognition datasets,

HOD has two different levels: category and instance.

The variability between frames collected from the same

instance is lower than the variability within the same

category but across different instances (see Fig.8). For

this reason, it is easier to recognize a frame from an in-

stance that has been seen in the training set. However,

even if the same object is seen, but no frame from a

particular instance is included in the training set (i.e.,

the instance is unseen), it is more difficult to recognize

that particular instance than a seen instance.
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Instance 1

Apple

Ball

Can

Instance 2 Instance 3

Fig.8. Different poses and segmentation results for different ob-
jects and instances.

For this reason, we consider two different evaluation

settings, depending on how the training and test sets

are organized:

• Seen: the training and the test sets both contain

frames from all the instances;

• Unseen: the training set contains frames from the

instances 1, 2, and 3; the instance 4 is used in the test

set.

5.4 Segmented vs Unsegmented

We first evaluate the influence of the segmentation

in the recognition performance. Table 3 shows the

results for both unsegmented and segmented regions.

These results show that the segmentation stage is cru-

cial for good recognition performance. We also observe

the CNNs features over RGB images that obtain the

best performance over the handcrafted features.

Table 3. Accuracy (%) with and Without

Segmentation (Seen Setting)

Feature ESF C3 GRSD C-CNN D-CNN

Unsegmented 07.00 11.20 13.00 12.81 12.88

Segmented 54.66 64.45 32.28 80.86 50.20

5.5 Deep Features

We compare the performance of different CNNs

variants for both the seen and the unseen settings in

Table 4. Depth information achieves a remarkable ac-

curacy, but far from the much better performance using

RGB data, which is much richer information. Never-

theless, the drop in the accuracy for the unseen setting,

which is more challenging, is more significant for RGB

data. We evaluate the impact of the two fully connected

layers over RGB data by comparing classifiers trained

with the output of the layer 5 and the layer 7 respec-

tively. This deeper architecture improves the recogni-

tion accuracy around 2% for the seen setting, but more

interestingly, around 4% for the unseen setting.

Table 4. Test Average Accuracy (%) for Different RGB

CNNs and Depth CNN Combinations with 7 Layers

Setting C-CNN C-CNN (Layer 5) D-CNN

Seen 80.86 78.50 50.20

Unseen 55.56 54.67 40.50

In contrast to handcrafted features, CNNs leverage

real visual data to learn filters that are capable of de-

tecting intrinsic properties of natural images. In or-

der to illustrate how the CNNs used in the experiments

can find class-specific patterns, we show the response of

several filters of the last convolutional layer (i.e., layer

5) in Fig.9. Note that we only show 10 representative

filters out of 256 filters in layer 5. But considering all

the responses in layer 5, we observe that the number

of filters with significant response is much higher for

RGB images than for depth images. As depth images

mainly contain contour information while RGB images

also include richer texture and color information, many

filters that can detect texture and color patterns do not

show any response to depth data. Thus, the classifier

can exploit these richer filter responses to achieve bet-

ter performance with RGB data. Note however that

depth information (see Fig.9(b)) leads to less noisy and

more invariant responses.

(a)

Apple

Book

Bottle

Cup

(b)

Fig.9. Filter responses at layer 5 of the CNN. (a) RGB. (b)
Depth. Each row corresponds to one instance (showing 4 in-
stances per category and 2 images per instance) and each column
to a filter.

5.6 Feature Fusion

We evaluate different fusion methods by combining

concatenation and MKL over different combinations of

features. The results are shown in Table 5, where we
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use the notation described in Table 2, and separate the

methods in different groups for easier comparison. Al-

though C-CNN has already had a performance signifi-

cantly better than the other features, combining it with

them can improve the performance, especially in dif-

ficult cases where including other modalities, such as

depth and point cloud, can be helpful.

One first observation is that, as expected, evalua-

tion in the unseen setting is more difficult than in the

seen setting, and consequently the accuracy drops in the

unseen setting when compared with the seen setting.

However, different methods have different drops in ac-

curacy, which shows that some of them may generalize

better to unseen instances while others may perform

better in recognizing the same instance under different

capturing conditions. This can be seen as some type of

overfitting to the particular seen instances but still ro-

bust to variations in pose, illumination, rotations, and

tolerant to problems during segmentation.

Table 5. Results for Different Feature Fusion Variants

Feature Fusion Variant Accuracy (%)

Seen Unseen

Multiple Kernel Learning More Complex [C-CNN, D-CNN, C3, ESF, GRSD]+ 86.71 73.19

[C-CNN, D-CNN]+C3+ESF+GRSD

[C-CNN, D-CNN, C3, ESF]+ 85.10 75.31

[C-CNN, D-CNN]+C3+ESF

[C3, ESF, GRSD]+C3+ESF+GRSD 82.19 67.63

[C3, ESF]+C3+ESF 80.70 60.30

[C-CNN, D-CNN] [C-CNN, D-CNN]+ESF+C3+GRSD 86.53 72.56

[C-CNN, D-CNN]+C3+ESF 86.60 72.06

[C-CNN, D-CNN]+ESF 81.92 71.56

[C-CNN, D-CNN]+C-CNN+D-CNN 78.71 61.56

Simple C-CNN+D-CNN 49.65 35.75

C-CNN+D-CNN+C3+ESF+GRSD 88.59 73.31

C-CNN+D-CNN+C3+ESF 88.31 72.75

C3+ESF+GRSD 81.50 66.89

Concatenation [C-CNN, D-CNN, C3, ESF, GRSD] 83.33 69.50

[C-CNN, D-CNN, C3, ESF] 82.85 69.63

[C-CNN, D-CNN, C3] 79.22 59.56

[C-CNN, D-CNN, ESF] 82.67 68.86

[C-CNN, D-CNN, GRDS] 78.79 61.19

[C-CNN, D-CNN] 82.54 61.75

[C3, ESF, GRSD] 70.05 58.56

[C3, ESF] 68.85 51.81

Independent C-CNN 80.86 55.56

D-CNN 50.20 40.50

C3 64.45 22.38

ESF 54.66 50.25

GRSD 32.28 27.31

Note: [A,B]: concatenation of features A and B; A+B: MKL fusion of features A and B.

Focusing first on handcrafted features, we observe

that their individual performance varies significantly.

In particular, C3-HALC has the best performance for

the seen setting and the worst one for the unseen set-

ting, with a drop of more than 40% in accuracy. This

suggests that this feature is more suitable to reidentify

already seen instances, but has very poor generaliza-

tion capability. On the contrary, ESF has a remarkable

performance in both the seen and the unseen setting,

with a very small difference of only 4.4%. This suggests

much better generalization capability. Combining the

three features using concatenation or MKL improves

the recognition performance over the best single fea-

ture in both settings. MKL leads to better accuracy.
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On the other hand, deep features lead to improved

performance, in particular using RGB data. For the

seen setting, C-CNN improves the best handcrafted fea-

ture by more than 16%, while for the unseen setting, the

performance is less than 3% better than ESF. Combin-

ing both deep features leads to better performance in

the case of concatenation, while, unexpectedly, leading

to a much worse performance in the case of MKL.

However, the best performances are achieved when

we combine both deep and handcrafted features. In

particular, concatenating the five features leads to seen

and unseen performances of 83.33% and 69.5%, outper-

formed by using MKL over the five features (88.59%

and 73.31%, respectively).

We also explore multi-step fusion architectures.

First, we consider the concatenation of both deep fea-

tures [C-CNN, D-CNN] as a new feature that is com-

bined with other features using MKL. Combining it

with handcrafted features leads to better performance,

but combining it again with single deep features leads to

worse performance. The second architecture concate-

nates a number of features to an extended new feature

and combines it again with the same individual features

using MKL. This architecture leads to the best perfor-

mance in both settings using only handcrafted features.

A variation with deep features leads to the best perfor-

mance over the unseen setting of 75.31%, but still can-

not outperform the single-step MKL combination in the

seen setting.

5.7 Accuracy per Category

Previous subsections report the accuracy averaged

over all the categories. In this subsection, we analyze

the accuracy per category. Fig.10 compares some of the

results.

Comparing single features, the deep feature C-CNN

outperforms handcrafted ESF in all the categories for

the seen setting, but for the unseen setting, the best

one highly depends on the particular category. In par-

ticular, ESF seems to be much better than C-CNN in

difficult categories such as handbag, glove, and apple.

Interestingly, the gain of combining features is much

higher in the unseen setting than in the seen one (e.g.,

around 19% and 23% for concatenation and MKL, re-

spectively, compared with around 3% and 8%). This

suggests that, although in both cases, feature fusion im-

proves the accuracy, combining heterogeneous features

that perform differently in different categories is more
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Fig.10. Test accuracy per category. (a) Seen. (b) Unseen. Classes are ordered by decreasing accuracy according to the best method.
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beneficial. And in particular, MKL achieves better re-

sults than concatenation.

Fig.11 shows the confusion matrices for the best per-

forming method in each setting. For the seen case, the

accuracy is very high and errors are relatively randomly

distributed. These errors sometimes may result from

unsatisfactory segmentations. More interesting is the

unseen case, in which we observe certain misclassifica-

tion patterns, which suggest certain overfitting to some

properties and problems to be generalized in the par-

ticular dataset. For example, the test instance of can

is often misclassified as bottle or cup, and the box one

as a calculator or a can.
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Fig.11. Confusion matrices of the best performing methods.
(a) Seen (C-CNN+D-CNN+C3+ESF+GRSD). (b) Unseen ([C-
CNN, D-CNN, C3, ESF]+[C-CNN, D-CNN]+C3+ESF).

6 Conclusions

Interacting with people often involves object being

manipulated, and these objects are often the main topic

of such interaction or at least provide important con-

textual information. In this paper, we studied the prob-

lem of hand-held object segmentation and recognition

which is fundamental to enable this type of capability

in human-computer interaction.

We described a framework to detect and recog-

nize objects held in hand. We exploited depth and

skeletal information to detect and segment the target

object, even in complex and cluttered backgrounds,

without complex and less reliable scene parsing met-

hods. In order to accurately recognize hand-held ob-

jects, we exploited deep features implemented using

CNNs. Deep features extracted from RGB images

are the best performing features, but including other

modalities via multi-feature fusion also leads to im-

proved performance. Multi-step fusion of multiple fea-

tures can improve the performance over simpler one in

some cases. However, we found that MKL fusion of the

five features is a simple yet good strategy which pro-

vides excellent performance in both cases, which makes

it very suitable in practice.

As this particular type of interaction involves reco-

gnizing known and unknown instances of known ob-

jects, it is important to distinguish between the ob-

ject category and the particular object instance level.

For that reason, we evaluated separately seen and un-

seen instances. Both cases have different complexity,

and we found that some methods may accurately re-

identify an instance already seen, but are not so capable

to recognize the category when the instance is different.

Other features capturing more abstract properties, such

as CNNs, are capable of recognizing the category even

when the particular instance was unknown to the sys-

tem.
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