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Abstract Robots should ideally perceive objects using human-like multi-modal sensing such as vision, tactile
feedback, smell, and hearing. However, the features presentations are different for each modal sensor. Moreover,
the extracted feature methods for each modal are not the same. Some modal features such as vision, which
presents a spatial property, are static while features such as tactile feedback, which presents temporal pattern,
are dynamic. It is difficult to fuse these data at the feature level for robot perception. In this study, we propose
a framework for the fusion of visual and tactile modal features, which includes the extraction of features, feature
vector normalization and generation based on bag-of-system (BoS), and coding by robust multi-modal joint
sparse representation (RM-JSR) and classification, thereby enabling robot perception to solve the problem of
diverse modal data fusion at the feature level. Finally, comparative experiments are carried out to demonstrate
the performance of this framework.
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1 Introduction

Humans perceive objects synthetically using vision, tactile feedback, smell, hearing, and taste; the for-
mer two sensory inputs are most important. When humans encounter difficulty in visually discriminating
objects with similar appearance, tactile sensing can help distinguish them by reasoning and synthesizing.
Therefore, information of each modality and feature can improve the robustness and accuracy of classi-
fication. However, the physiological mechanism responsible for the concurrent processing of multi-modal
perception information in humans is not understood clearly. Therefore, most current fusion methods for
robot perception are based on probabilistic algorithms and employ Bayesian rule to combine multi-modal
data. However, a critical problem in the multi-modal fusion process is that the spatial temporal pat-
terns of feature space from multi-modal sensor data are different. In other words, perceiving an object’s
shape, color, and size by vision is usually static. We can classify objects based on their appearance from
graphs or photos. However, tactile feedback is dynamic. We perceive an object’s stiffness by the grasping
process. It is, hence, very complex to fuse these two modal data.
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In recent years, more and more researchers have paid attention to multi-modal fusion, which is usually
divided into three classes: data fusion, feature fusion, and decision fusion [1]. Fusion of various data should
be in accordance with the task to be performed. Initially, multi-features or multi-tasks of vision, such as
color, shape, and texture, were used in image recognition applications. These applications are usually in
the same modal, either static or dynamic. Feature vectors extracted by histogram of Oriented Gradient
(HOG) or scale-invariant feature transform compact (SIFT) have similar forms and represent same static
character. Multimodal fusion finds wides application in human computer interaction (HCI). Multimodal
systems of HCI can allow users to interact through diverse input modalities, such as speech, handwriting,
hand gesture, and gaze, and can receive information from the system through output modalities, such
as speech synthesis, smart graphics, and others modalities. However, these multimodal fusions are only
employed at the decision-making level by histogram techniques [2], multivariate Gaussians [2], artificial
neural networks (ANNs) [3,4] or hidden Markov models (HMMs) [2]. In all these systems, the probabilistic
outputs of the modalities have been combined assuming conditional independence by using either the
Bayesian rule or a weighted linear combination over the mode probabilities for which the weights are
adaptively determined. They have not considered data properties and relationships at the feature level.

Another method that attempts to obtain better fusion results in the coding step is joint or structured
sparse representation for multi-modal and multi-feature fusion. Since ref. [5] demonstrated the appli-
cation of sparse coding in the receptive fields of a human being’s visual cortex to extract meaningful
information from images, the algorithms of sparse coding have seen rapid development in the past few
years. In particular, it has led to state-of-the-art results in face recognition (FR), voice analysis, texture
classification, etc. For sparse representation of multiple modalities and features, independent class in-
cluding various features has within-group similarity. Furthermore, each class has a discriminative group
structure for classification. Nguyen et al. [6] propose a novel multi-task multivariate (MTMV) sparse rep-
resentation method for multi-sensor classification of personnel footstep recognition. The data is collected
from nine sensors including acoustic, seismic, PIR and ultrasonic sensors. They add error items to sparse
representation formulation in order to reduce arbitrary large noise. Zhang et al. [7] investigate the joint-
structured sparsity based methods for transient acoustic signal classification with multiple measurements.
Three kinds of joint structured sparse priors: same sparse code (SSC), common sparse pattern (CSP)
and joint dynamic sparse (JDS) models are proposed and compared to other popular classifiers, such
as nearest neighbor (NN), support vector machine (SVM), sparse representation-based classifier (SRC).
They aim to employ multiple measurements from the same type of sensors rather than single channel to
improve the accuracy. Yuan et al. [8] address visual multiple features classification as a multi-task joint
sparse representation model for recognition. The multi-features of test images, such as color, shape, and
texture, are extracted for fusion and joint sparse representation. A proximal gradient method is used
to optimize the restructure dictionary. Liu and Sun [9] apply the joint sparse representation method to
construct the likelihood function of particle filter tracker to enable the fusion of the color visual spectrum
and thermal spectrum images for object tracking. Shekhar et al. [10] propose a multi-modal sparse repre-
sentation method to constrain the observations from different modalities, which contain iris, fingerprint
and face, for biometrics recognition. These modalities of information are fused by assigning more weights
to the more reliable modalities, which are ranked according to the Sparsity Concentration Index (SCI).
Experiments have shown that their method is robust and improves the recognition accuracy significantly.
Furthermore, Rao et al. [11] propose Sparse Overlapping Group (SOG) lasso to solve problems of multi-
modal grouped features that have some notion of similarity. Zhang and Levine [12] present a multi-task
robust sparse representation (MRSR) model to address the fusion of multi-focus gray-level images with
misregistration. It is obvious to see that joint or structured sparse representation is applied to solve the
multi-task or multi-modal fusion problem by various methods.

Although various methods are proposed for multi-modal fusion at the data, feature, and decision
level, most of them are not cross-modal that include dynamic and static. Moreover, there is no uniform
framework for the fusion of the entire perception process from raw senor data to decision results. In
this study, we propose a novel framework for the fusion of visual and tactile modal data (Figure 1) for
robot perception and propose a Robust Multi-modal Joint Sparse Representation (RM-JSR) for coding.
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Figure 1 (Color online) Illustration of framework and pipeline of multi-modal and multi-feature fusion for robot percep-
tion. Given a query object, multi-modal raw data from various sensors are collected. Next, multi-features are extracted
from visual and tactile modalities. Then, the feature vectors from different feature spaces are normalized to the same form
and dimensionality by using bag-of-system (BoS). Each feature vector can be jointly represented as a linear combination
product of training dictionary and sparse coefficient that have the same sparsity pattern of nonzero with different value.
Finally, the dictionary is optimized and the object is classified for recognition.

The proposed framework is effective for the fusion of diverse modal data, including static and dynamic.
Our framework comprises the following four steps: (1) Extraction of features from raw data obtained
from various sensors, including static and dynamic modal data. (2) Normalization of feature vectors
from different feature spaces based on bag-of-system (BoS). (3) Proposal of Robust Multi-modal Joint
Sparse Representation (RM-JSR) for coding and classification. (4) Classification of objects by Sparse
Representation based Classification (SRC).

2 Visual perception

Most object classification tasks are based on static images. There are several of features that describe
images, such as SIFT [13], HOG [14], and JCD [15]. SIFT and HOG are the most widely used descriptors
owing to their good performance and efficiency. After the features are extracted, the feature matrix
should be encoded for classification.

Aldous et al. [16] propose bag-of-words (BoW) method for text retrieval that represents textual docu-
ments as histograms over a vocabulary of English words. Similar to the BoS approach, BoW can encode
the local descriptors into a codebook that comprises codewords. Gemert et al. [17] consider codewords as
characteristic representatives of the image descriptors and all codewords making up the codebook that are
generated from the training image dataset. Conventional methods for codebook building include captur-
ing the probability distribution of the local descriptors by Gaussian Mixture Model (GMM) and dividing
the local descriptor space by k-means clustering. Then, the codewords are activated by encoding methods
such as Hard Assignment (HA), Local Soft Assignment (LSA), Sparse Coding (SC), Locality-constrained
Linear Coding (LLC) [18], and Fisher vector (FV). Finally, the feature vectors for classification can be
obtained after pooling and normalization.

In conclusion, visual perception of robot includes feature extraction, encoding, and classification. The
BoW method plays an important role in feature vector generation.

3 Tactile perception

Tactile sensing reading is dynamic press value in sequence that can be modeled by Linear Dynamic
System (LDS) [19]. Their temporal and spatial features can be extracted from tactile sequence data that
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include multiple subsequences. The LDS model is formulated as follows:
x(t+1) = Ax(t) + Bo(t), x(0) = zo, 1)
y(t) = Cu(t) + W(t),

where z(¢) € R? is the hidden state at time ¢. A € R™*™ maps the dynamics of the hidden state, and
C' € RP*™ models the hidden state of the output of the system, W(t) and Bv(t) are the measurements
and driven by Gaussian white noise, v(t) ~ N(0,Q), w(t) ~ N(0, R).

Then, the dimension is reduced by principle component analysis (PCA) and use single value decom-
position (SVD) to compute the observed sequence. The function is given as follows:

Yy =UxvT, (2)

where U € R1*" V € R7*" ¥ = diag[oq, ..., 0,] is diagonal matrix.
Then, we obtain the estimated C' and X from the following function:

C=U,
X=xyT ®)

X =[2(1),2(2),...,2(7)], A=[2(2),2(3),...,2(7)][x(1),z(2),...,2(r — D],

where 1 is Moore-Penrose inverse. (A,C) apply to describe the tactile feature, where A denotes the
dynamic temporal feature and C' represents the spatial feature.

Ellis et al. [20] and Mumtaz et al. [21] apply BoS to combine different generative models at various time
resolutions through the selection of the BoS codewords, thereby resulting in superior performance. It is
obvious to see that BoS can transform temporal sequence data to feature vectors easily. Therefore, for
tactile data, BoS can also be used to extract features from subsequences, which can then be indicated by

a histogram h = [h1, ha, ..., hy]T € R™. Thus the tactile array can be represented by a feature vector,
Ci,j . L
hij=—"—, i=1,....m; j=1,... )k, (4)

Zj:l Cij

where h; ; is the frequency of the jth value in the ith tactile sequence. ¢; ; is the number of times of
codeword j. m is the number of tactile sequences. In this way, the tactile sensing reading transforms to
m-dimensional of feature vector as classifiers input [22].

The BoS method can be applied to both visual and tactile perception to encode the features, regardless
of spatial or temporal data, and generate feature vectors. Therefore, BoS can normalize features from
different modals into a uniform pattern in order to enable object recognition.

4 Robust multi-modal joint sparse representation (RM-JSR)

4.1 RM-JSR formulation presentation for multi-modal classification

Sparse representation has been widely used in visual classification since the past ten years. Let us
consider a c class classification problem. Let matrix X € %" be an n column training feature vector of
dimension d. ¢ denotes the label of X; € RIx1s € 1,...,c. Given a testing image feature y, the sparse
representation model seeks to solve the following optimization problem:

W =argmin |lw|o, st |y — Xw|o <, (5)
w

where || - ||p is £p norm which is the sparse constraint. However, it is well-known as a NP-hard problem.
Recent research has shown that [;-norm can recover sparse representation in most cases. Therefore, it is
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Figure 2 (Color online) z belongs to the same class but has different features. For the RM-JSR model, the sparse
coefficients are the summation of A and B. A captures the share supports, while B represents unique supports from
different features and classes.

transformed into a convex optimization problem that can be easily solved. Subsequently, the class label
of y can be determined by the reconstruction error, as follows:

J = argmin [ly — X;@; lo- (6)
J€l e

In recent years, structured sparse coding has been a trend in sparse coding (SC) research. Yuan et
al. [8] propose a novel visual classification method with multitask joint sparse representation, wherein
the problem is changed to a multi-task regression. It is defined as

K L

1 ki kyprkl )2
mml,n§ZZ||y = X*WHIz + AW g, (7)
k=11=1
where X* € R4*" denote the training multi-modal features, k = 1,..., K. [ = 1,..., L are different

samples for each feature and A is the regularization parameter.

Sprechmann et al. [23] obtain the collaborative HiLasso model (C-HiLasso) that is very well suited
for source identification and separation. It can impose the same group-sparsity pattern in all the same
class samples and the different in-group sparsity patterns between samples. In addition, Jalali et al. [24]
propose Dirty Block Sparse Model that defines A as the sum of shared structured atoms and B as the
individual atoms. The formulation is given as follows:

K

1

min o= > [ly® = XP(A® + BW)|Z + Aall A1 + AslIBlly, (8)
k=1

where k denotes k-th task. For any matrix X (m-th row x n-th column), || X|[11:=>_,, , [X}| denotes

the sums of absolute values; || X||1 := )_,, max, |X,(,;l )| denotes the summation of each row element’s
maximum absolute values. A4 and A\p are the regularization parameters.

In order to simplify multi-modal joint sparse representation, we impose the /1 2-norm group-sparsity
regularization on the representation matrix to jointly learn the multi-modal sparse representation. For
robust representation, we propose the RM-JSR model (Figure 2) by the addition of weight vectors for
different features of training data, which is given as follows:

K L
. 1
ity 20 (gl = DA+ BB+ AlAdsa 0l Bl ). e o)
where k = 1,..., K denote each feature of the modalities index, [ = 1,..., L is the sample times, the
dictionary D is the concatenation of sub-dictionaries D1, ..., D, belonging to different classes, where C' is

the total number of classes. For any matrix X7, (m-th row x n-th column), [ X|1,1:=>_,, , [X.| denotes
the sums of absolute values that induce sparsity; || X|1,2 := >, || Xm]||2 denotes the sums of each row
vector’s [o norm. wy is the weight vector of each feature. A\; and A5 are the regularization parameters.
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4.2 Optimization approach

Formulation (9) is l; /I regularization problem that can be solved by convex optimization theory. Clarke
[25] proposes gradient-type methods for Optimization and non-smooth analysis. Chen et al. [26] and
Schmidt et al. [27] present smooth function to approximate Iy regularization. Figueiredo et al. [28] pro-
pose the Gradient Projection for Sparse Reconstruction (GPSR) method to solve the quadratic program-
ming problem that is transformed by I3/l regularization. Decomposition algorithm is another effective
solution. Wright et al. [29] present the Sparse Reconstruction by Separable Approximation (SpaRSA)
framework and iterative methods that involve a quadratic term with diagonal Hessian plus the original
sparsity-inducing regularizer. Yin et al. [30] apply Bregman Iterative Algorithms for [ Minimization
that yields exact solutions in a finite number of steps. In recent years, Alternating Direction Methods of
Multipliers (ADMM) [31] become a hot research topic for optimization solution owing to its efficiency.
Complexity analysis and numerical experiments by Chi and Lange [32] show that the alternating mini-
mization algorithm (AMA) is significantly more efficient than ADMM. Therefore, we choose AMA as the
Optimization Approach (Algorithm 1). RM-JSR can be reformulated as follows:

1,2+ )\QHBC”Ll s.t. WETe — D(AC -+ BC) =0, Ve. (10)

in A
min A || Ae|

We use AMA to solve Eq. (10) and reformulate as
12+ X||Bellii st. Ac—P.=0,B.— Q. =0, wrxc— D(A.+ B.) =0, Ve, (11)

in \M|A
ABPaQ ill4e|

where P,Q € RE*N are alternating factors.
The augmented Lagrangian for the AMA problem is

L;L(AaBaPaQ7M15/J/2a/J/3) = )\1||P| 1,2 + )‘QHQ| 1,1 + <M15A - P> + <IU/27B - Q)
1
+{ps, wpX = DA+ B)) + S (1A~ Pl +11B = Q% + |lweX — D(A+ B)|[%), (12)

where the dual variables 1, us2, 3 > 0 denote a vector of Lagrange multipliers.

Algorithm 1 Sparse coding and dictionary learning by AMA

Input: Labeled training data x¥

parameters A1, A2, scalar p = 1.1
Output: D, A., Bc
1: Initializing A° =0,B% = 0,19 . = 0,19 . =0, . = 0,0 = 1, max = 10%,n = 0;
2: Forc=1,...,C do 7 7 ’
3: While not converged do
4: Fix Be, P., Q. and update A,
AP = argmin, Lo(Ac, Be, P2,QF, T0y 500 50
= (DTD + ul) " DT (wp Xe + pf . — DBE) + p(PE = 7 )] = D~V (wp Xe + puf , — DBE)
5: Fix Ac, Pe, Q. and update B,
BgH_I :argminBc LO(AC7BC7Pcn= ?7”?,0’“3,07/“6?,0)
= (DTD + pul) DT (wp Xe + pf . — DAZ) + Q2T = 5 )] = DM wp Xe + pf . — DAL
6: Fix Ac, Be, Qc and update P.
PC”-H = argminp, Lu(Ag'H,Bg'H,Pc,QCaM?,caﬂg,c:Mg,c) = Prokag(lg) (AZ + u?,c)
7: Fix Ac, B¢, P. and update Q.
ngl = argming_ L#(A?‘Fl7 Bg“ﬁl7 P, QC,H?’U lu,g,c“u,g’c) = PrOX)\va(l,l) (B + ug,c)
8: Update Lagrange multipliers p1 ¢, p12,c, 3,c
pptt =y 4 (AT - P2
pott =g 4 (BT - QU
piit = pg o+ pwiXe = D(AZH + BETY)
9: Update penalty parameter p = min(gumax, pit)
10: Return Estimated sparse codes A., Bec.

Lk=1,...,K;l=1,...,L;c = 1,...,C, multi-feature weight vector wy,, regularization

The proximal maps for the ¢; and ¢5 norms have explicit solutions, therefore, Steps 6 and 7 in
Algorithm 1 can be derived as

A1
Proxy, a, ,(v(.. <17) V(i.s)s 13
1 1,2( (4, )) NHU(Z’,:)HQ N (i,:) ( )
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A
Prosa.an 1 (v() = (1——) (14)
2,821,1\Y(4,5) ,LL|U(i,j)|2 N (4,9)

where v(; ;) is defined as i-th row j-th column of V', and (x)4+ = max(z,0). Finally, we get the shared
sparse coefficient A. and unique sparse coefficient B..

4.3 Classification

The group structured pattern enables a very simple classification. We apply sparse representation-based
classification (SRC) to classify objects and only use A, to train the classifier. Given the optimal solution
Aj, the class label of y is decided based on the following criterion of minimum reconstruction error:

J = arg min ||wry® — DjA;”Q. (15)
€l e

5 Multi-modal fusion method

Estimating the weight value of each feature is crucial for multi-modal fusion. Conventionally, weight values
are optimized in the dictionary learning procedure. However, it results in the addition of computational
costs. Therefore, we propose a simple iteration adapted weight distribution algorithm to maximize the
classification accuracy. There are mainly two factors related to the iteration efficiency, initial value
and step length. We divide the samples into training data and testing data and obtain each feature’s
classification accuracy individually. High accuracy means more contribution. Then, we normalize and
initialize the weight values, as given by the following function:

@
Wi = kl ) (16)

D1 G
where a; is classification accuracy of each feature and i = 1,...,k denote kth feature. w; is the initial

weight value. The iteration adapted weight distribution algorithm is presented as Algorithm 2.

Algorithm 2 Weight value estimation

Input: step length Ad

Output: optimal w;

: Initializing w; by formulation (16), i = 1;
cForj=i+1,....kdo
Forn=1,...,m do

while w; > 0

wi = w; £ nAd;w; = w; FnAd;

: calculate accuracy a by RM-JSR framework
if Aa <0

a=max

end

SR I A

[y

: Return w;

6 Experiment

6.1 Experiment setup

We have not found a data-set that contains both visual and tactile data. Therefore, we build the data-
set ourselves. We use Barrett hand (BHS8-280) as the robotic hand platform and Kinect as visual data
collection equipment. The torque output of Barrett hand was set to 2500 (programing value). We chose
several-different objects for classification that look similar but have different texture and some have
similar texture but appear different (Figure 3): (1) an empty beverage bottle; (2) a bottle of beverage;
(3) a box of biscuits; (4) a box of toothpaste; (5) an empty water bottle; (6) a bottle of water; (7) a box
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Figure 4 (Color online) Sample photos of object.

of milk; (8) an empty milk box; (9) a can of beer; (10) an empty beer can; (11) an empty cola can; (12)
a can of cola; (13) an empty paper cup; (14) a paper cup of water.

6.2 Comparative experiment

6.2.1 Classification only by visual image

We utilize Kinect to capture 10 photos each of 14 different objects (Figure 4). The size of each graph
is 149 x 149 pixels. We chose five random samples of each class for training and the other five for test.
Then, we extract the features by dense DSIFT (Figure 5) and HOG, respectively, and gain feature vectors
by Locality-constrained Linear Coding (LLC) method. We set the size of codewords to 500 in order to
get 500-dimension feature vectors. Finally, we apply SVM to classify these objects. Our algorithms
are implemented in MATLAB/Windows, and run on a personal desktop computer equipped with Intel
i3 CPU and 4GB RAM. The classification accuracy results by utilizing DSIFT and HOG for feature
extraction are 74.2857% (52/70) (Figure 6) and 87.1429% (61/70) (Figure 7), respectively.

Analyzing the two results, we can find that the HOG feature classification accuracy is higher than
DSIFT, and an unexpected error arising in the classification between cola and beer can, which have
different appearances. Therefore, the classification based only on visual data is not reliable sometimes.

6.2.2 Classification only by tactile

We utilize the Barrett hand to grasp each of 14 objects for 10 times. The number of Barrett hand
tactile sensor units is 24 x 4 = 96. Therefore, we obtain 96 tactile sample values (Figure 8) by fixing the
frequency from beginning of grasping to stable grasping.

We use the LDS model to transform the raw tactile data and obtain the feature matrices A and C.
Then, we apply two methods to classify these tactile data. First, we calculate the Martin distance of
each tactile features and determine the most similar classification by k-nearest neighbors algorithm. The
accuracy is 74.2857% (52/70) based on MATLAB simulation (Figure 9). Another method is the BoS
model. We transform the entire time series tactile data to codewords by segmentation and cluster the
codewords into 500 classification groups by K-means algorithm. Then, we generate 500 d feature vectors
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Figure 5 Two random of DSIFT feature vectors extracted from object photos; the z-axis represents code-word and y-axis
represents normalization frequency.
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Figure 6 DSIFT feature classification accuracy by SVM is 74.2857% (52/70). There are some errors in the classification
of objects with similar appearance. For example, the accuracy of ‘a can of beer’ is 0.4 (2/5), while error arises in the case
of ‘an empty beer can’. Therefore, classification only by visual data is not very accurate and credible.

by using the statistical histogram method. Fanally, these vectors are classified using SVM. The accuracy
of the results obtained using the second method is 91.4286% (64/70) (Figure 10). By comparing the two
tactile classification methods, it is easy to find that the BoS model play an important role in improving
the classification accuracy.

6.2.3 Classification by visual and tactile fusion

Based on the above experiment, we can obtain visual and tactile feature vectors by BoS model; both the
vectors have uniform 500 d. First, we fuse the visual and tactile feature vectors by adding proper weights
and then classify them using SVM. The accuracy of the classification result is 98.5714% (69/70). Then,
we apply our framework of visual and tactile fusion and utilize RM-JSR to classify these two modal data.
The result is that our methods perform better and achieve 100% accuracy.

By performing these series of experiments, multi-modal fusion perception was shown to grasp more
features. Moreover, its ability to discriminate improved greatly as compared to any other solo modal
in term of classification accuracy. Furthermore, the proposed RM-JSR achieve better performance than
SVM in terms of classification accuracy owing to its ability to capture the structure similarity between
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Figure 7 HOG feature classification accuracy by SVM is 87.1429% (61/70).
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Figure 8 Tactile sensor values of Barrett hand during the task of grasping an object. The z-axis represents the number
of tactile sensor units, the y-axis represents the sampling time, and the z-axis indicates the tactile values.

data in the same class and unique atoms representing in-class variation.

7 Conclusion

We present a framework for the fusion of visual and tactile data for classification purposes, which handles
the static and dynamic sensing data fusion problem. Meanwhile, we develop the RM-JSR algorithm
for visual and tactile classification applications. Experiments on multi-class object recognition designed
by the authors show that the proposed method performs better than the single modal approach and
other classification methods. In summary, we conclude that our framework is an effective method for
visual and tactile fusion and can improve the classification accuracy. In the future, much more modal
sensing data, such as hearing or other sensor data, will be tested and applied our framework to evaluate
robot perception. Another interesting direction is to build a database that records and updates sparse
representation dictionary automatically and systematically.
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Figure 9 Classification accuracy by using Martin distance and k-nearest neighbors algorithm is 74.2857% (52/70).
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Figure 10 Classification accuracy by using BoS model and SVM is 91.4286% (64,/70).
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