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Abstract— Robot introspection is expected to greatly imple-
ment the longer-term autonomy of an autonomous system, that
is, equipping robots with a set of skills that allows them to
assess the quality of their sensory data. Skills that can detect,
classify the occasional anomalies have the potential to provide
effective assistance for anomaly recovery polices. However,
the variability and complexity of multimodal sensory data
exacerbates anomaly classification in practical applications.
This work investigates how to sparsely represent the recorded
multimodal time series with relevant features as small as
possible while preserved sufficient classification accuracy. In
this paper, we propose the multivariate features are extracted
in both time domain and frequency domain and not only
consider the static statistical characteristics, but also including
the correlation and interaction of each dimensional sensory
signal. The sparse process consists of four phases which are
including preprocess and synchronize the raw time series from
variable sensors, aggregate the considering statistical features
of each sensor, evaluate the feature significance using hypothesis
testing, and represent the raw multimodal sample with the
concatenating feature vector. Experimental platform is based
on our developed robot introspection system that can achieve
the multimodal anomaly detection and anomaly data collection.
A kitting experiment is designed by transporting 6 different
objects from given placement region to a specific container.
In our evaluations, several classification metrics are applied to
evaluate the performance with sparse representation on night
kinds of existing methods. Supplemental information including
code, and result analysis can be found at [1].

I. INTRODUCTION

Robot introspection is expected to greatly implement the
longer-term autonomy of an autonomous system [2]. In order
to achieve this, we aim to equip robots with a set of abilities
to assess the quality of the streaming sensory data and to
help them understand what they are doing and how they
did it [3]. Recently, with the development of robots, which
are applied to assist human in fields as diverse as factories,
homes, and service environment. Within these fields, robots
are still not perfect enough to cooperate with people, which
results in the occasional anomalies are likely to occur. As
humans, understanding own limitations, shortcomings and
anomalies is a key for improvement and adaptation during
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Fig. 1. Our robot introspection system for decision making in anomaly
recovery organizes specific tasks as a directed graph. Each node in the graph
has a dual role. On the one hand it executes a specific manipulation skill,
on the other, it executes a robot introspection model to identify nominal
or anomalous behavior and classify the triggered anomaly . In the case of
anomalies, the system transitions to a generic recovery node that rolls-back
the system according to a node-dependency criteria.

daily object manipulation. Correspondingly, robots that can
understand and classify appropriately their anomalies is a key
for achieving the longer-term autonomy. In order to endow
robots with the human-ability, we have developed an intro-
spection system [4], [5], as shown in Fig.1. Our system is
represented with four modules: Task representation through
Finite State Machine (FSM), Motion modules encode the
manipulation skills using Dynamical Movement Primitives
(DMP) [6], the introspection modules detect and classify
anomalies, and the recovery module. In this paper, we only
consider the performance of anomaly classification, which
can be formulated as time series classification.

Since time series data is used in various fields of studies,
ranging from weather readings to psychological signals, there
has been an increased interest in time series classification in
recent years [7], [8]. Typically, a time series is a sequence of
sensory data points in a time domain, where the data points
are in a uniform interval and can be univariate or multivari-
ate. Most of existing classification methods only considered
univariate time series and worked in original dimension,
which lack the sufficient perception of the surrounding
environment [9], [10]. Consequently, they performed poorly
for anomaly dataset with multimodal sensory data. Thus,
multivariate time series classification has received significant



interest, particularly, applied in robotics [8], [11], [12].
Several kinds of time series classification algorithms have

been developed in the past decade, which including distance
based methods, feature based algorithms, dimensional re-
duction techniques, as well as the deep neural networks. In
this paper, address the problem of mulitmodal time series
classification during robot manipulation, a sparse repre-
sentation procedure to extract the relevant features cross
variable modalities for classifying multivariate time series
dataset is proposed. The experimental verification concludes
the feasibleness and effectiveness based on many kinds of
existing classification methods and does not require domain
knowledge of anomalies.

Plenty of research have been done using distance-based
methods along with K-Nearest Neighbors (KNN) in the mul-
tivariate time series [13], [14]. Meanwhile, the Dynamical
Time Warping (DTW) method [15] is the best distance-
based measure applied with the KNN. In [16], an improved
DTW based method is proposed for Human Activity Recog-
nition(HAR) classification [17], the presented modifications
to DTW as a more accurate time series similarity measure,
as well as a template-based approach.

In addition to the distance based approaches, other com-
mon algorithms are applied for the multivariate time series
classification. Typically, the features extraction or sparse
representation from the raw signals by using the dimensional
reduction techniques or by concatenating all dimensions
of multivariate signals into a univariate time series [11].
Recently, lots of research indicates features-based approaches
to extract set of features that represent time series patterns
have been employed for multivariate time series classifica-
tion tasks have proven to be successful in classifying time
series. For instance, in [18], Bag-of-SFA-Symbols (BOSS)
is introduced with a combination with the extraction of
substructures with the tolerance to extraneous and erroneous
data using a noise reducing representation of the time se-
ries. The improved BOSS algorithm is presented in [19]
by introducing a vector space model to reduce computa-
tional efficiency, storage capacity, and time complexity while
maintaining classification performance. Generally, machine
learning algorithms utilize these feature vectors to detect and
classify the time series. Results indicate the performance of
feature-based representation is one of the most important and
probably best studied methods for multivariate time series
classification.

Without loss of generality, this paper proposes a sparse
representation procedure to convert the raw multimodal sig-
nals into feature vectors using independent features and the
correlative features of specific mortality axis. The proposed
method is verified on labeled seven types of anomaly data,
which are recorded from a human-robot collaborative task
based on our developed introspection system. The proposed
method is tested on several kinds of multiclass classifiers
and indicated that the benefits of feature selection include
reducing overfitting, improving accuracy, minimizing com-
putational efficiency, and decreasing storage capacity. Thus,
the proposed method can be easily extend to continuous and

online implementation.

II. EXPERIMENTAL SETUP AND PRIOR WORK

In this section we will describe the robot setup used for
our kitting experiment, as well as the Finite State Machine
(FSM) implementing the task.

A. Task Representation

The kitting experiment consists of 5 basic nodes: Home,
Pre-pick, Pick, Pre-place, and Place. The experiment is
implemented in the following order with those nodes by 6
skills with the ROS-SMACH1, (Skill 1) : Home→ Pre-pick;
(Skill 2) : Pre-pick → Pick; (Skill 3): Pick → Pre-place;
(Skill 4) : Pre-place → Place; (Skill 5) : Place → Pre-place;
(Skill 6) : Pre-place → Home, as shown in Fig. 2(a).

The primary goal of the kitting task is designed to trans-
port 6 different objects to a fixed container. The right arm of
Baxter humanoid robot is used to pick objects and equipped
with a 6 DoF Robotiq FT sensor, 2 Baxter-standard electric
pinching fingers. Each finger is further equipped with a
multimodal tactile sensor that a four by seven taxel matrix
that yield absolute pressure values. The left hand camera is
placed flexibly in a region that can capture objects with a
resolution of 1280x800 at 1 fps (we optimize pose accuracy
and lower computational complexity in the system). The use
of the left hand camera facilitated calibration and object
tracking accuracy. All code was run in ROS Indigo and Linux
Ubuntu 14.04 on a mobile workstation with an Intel Xeon
processor, 16GB RAM, and 8 cores.

B. Unexpected Anomalies

When robot collaboratively works with human in a shared
workspace, so many external disturbances are likely to occur.
Those anomalies in Fig. 2 are considered in the Kitting exper-
iment, which including the following 7 types: Tool Collision
(TC) that may be derived from the visual error or the user
accidentally collide with the object during robot moving to
grasp it (see Fig. 2(b)); Human Collision (HC) is usually
happened by a user to unintentionally collide with the robot
arm in the human-robot collaboration environment(see Fig.
2(c)). We treat the human collision differently from whether
the robot carrying object or not. Thus, Human Collision with
Object (HCO) is assumed that the human collision while
robot carrying object from the node Pre − pick to Pre −
place (see Fig. 2(d)). The object have been knock down by
the robot during grasping may induce the No object (NO)
or missed-grasps(see Fig. 2(e)). Another common anomaly
is Object Slip (OS) that the picked object may slip from
the robot’s gripper if the grasping pose is not optimal or
the robot moves at high speed. Finally, the False Positive
(FP) is labeled when some unexpected disturbances may be
detected by the anomaly detector for a variety of reasons, for
instance, the system error, the object is placed at unreachable
zone, without feasible inverse kinematic solution, and so
on. In the rest of this paper, we intentionally achieve the

1http://www.ros.org/SMACH



(a) The overview of Kitting experiment (b) TC (c) HC (d) HCO

(e) NO (f) OS (g) WC (h) FP

Fig. 2. The unexpected anomalies in kitting experiment.

spare representation of the seven types of anomalies while
preserved sufficient classification accuracy, respectively.

III. MULTIMODAL SPARSE REPRESENTATION

The whole procedure of the proposed method for sparse
representation of multimodal time series is shown in Fig.3.

Fig. 3. The implementation procedure of sparse representation

A. Sensory Preprocessing

We consider the original multimodal sensory data includ-
ing 6 DoF force and torque signals from F/T sensor, 6 DoF
velocity signals from Baxter’s right end-effector, 56 DoF
tactical signals from both the left and right tactile sensor
panels. In order to integrate those data sources to produce
more consistent, accurate, and useful information than that
concatenate all the individual data source directly. First, we
implement temporal synchronization of all the modilities
at 10HZ and induce the different preprocessing techniques

for specific modality. We defer discussion on the row data
collection to Sec.IV-A

Wrench modality: Assume the force and torque sequence
is a time-series vector and for each element represents the
magnitude for each dimension (fx, fy, fz, tx, ty, tz). Empir-
ically, we wish to achieve the HC and TC can effectively
detect even the external perturbations from different direc-
tion. We add the norm feature of force nf and torque nt
respectively.

nf =
√
f2x + f2y + f2z , nt =

√
t2x + t2y + t2z (1)

Velocity modality: We measure the linear (lx, ly, lz) and
angular (ax, ay, az) velocity respectively at the endpoint
state of the Baxter right hand, which are reported with respect
to the base frame of the robot. As described in the wrench
source, We also add the norm feature of linear velocity nl
and angular velocity na respectively.

nl =
√
l2x + l2y + l2z , na =

√
a2x + a2y + a2z (2)

Tactical modality: Due to the high dimensionality of tactical
sensor, we can’t process all the original signals as the model
input, which may induce so much invalid information. We
tried many ways to achieve the dimension reduction by trial-
and-error method, such as extract the maximum values of
each panel, the largest five numbers of each panel, the mean
of each panel, and the standard deviation of each panel.
Finally, the standard deviation of each panel as the tactical
features sl, sr outperforms in both of the anomaly detection
and classification, we have

sl =

√√√√ 1

28

28∑
i=1

(li − µl), sr =

√√√√ 1

28

28∑
i=1

(li − µr) (3)



where the µl = 1
28

∑28
i=1 li and µr = 1

28

∑28
i=1 ri is the mean

of each tactical panel, respectively.
The above three preprocessing operations enable us to

extract the unexpected change of the original signals since
those signals are slightly different from the robot variable
progress in normal executions. We empirically concatenate
all the valuable features for representing the robot executions
both in anomaly and normal case. However, the implementa-
tion with raw concatenate features would result to The hight
False Positive Rate (FPR) during the practical application
because of the variable phenomenon in the same execution.
For instance, the F/T signals perform different affects by
carrying variable weighted objects or the HC anomalies
are also different from each other with variable people and
hitting positions.

Then, a standardization method is used to scale the original
signal ξo with its mean and standard deviation, we can get
the preprocessing and scaled results of each signal by

ξ(∗) =
ξo(∗)−mean(ξo(∗))

std(ξo(∗))
, ∗ ∈ {fx, fy, ...sl, sr}. (4)

Finally, an eighteen dimensional multimodal signals during
robot manipulation with wrench, velocity, and tactical modal-
ities can be represented as

yt = [ξ(fx), ξ(fy), ξ(fz), ξ(tx), ξ(ty), ξ(tz),

ξ(nf ), ξ(nt), ξ(lx), ξ(ly), ξ(lz), ξ(ax),

ξ(ay), ξ(az), ξ(nl), ξ(na), ξ(sl), ξ(sr)].

(5)

B. Anomaly Data Extraction

In order to keep the temporal consistency, we think the
anomaly dynamics should be comprehensively formulated in
a short period and grouped with a given window_size while
the anomaly detected by our anomaly detector, for instance,
a tool collision is captured as shown in Fig.4. The choice of
window_size can evaluate how the classification reactivity
performs in our system. Generally, the window_size should
be equal to a power of two, which is a preferred size when
including the Fast Fourier Transformation (FFT) between the
time and frequency domain.

C. Anomaly Features Extraction

As described above, the sparse representation is applied for
each extracted sample window. Corresponds to our previous
work on anomaly classification, the features are extracted in
both time domain and frequency domain. For anomaly clas-
sification problem, we empirically consider the independent
feature and the corrective features along the specific modality
signal in Eq.5. The overview of feature information can be
seen in Tab.III-C. Here, the original multimodal signals with
18 DoFs and 12 kinds of features are considered in both
time and frequency domain and the final feature vector is of
length 558.

1) Independent features: Here, we calculate the feature
along the specific modality signal ξ{∗} = (x1, x2, ..., xn)
with n data points

Fig. 4. Our robot introspection system for extracting the anomaly data when
anomaly detected. For instance, the data of tool collision is represented with
a given window_size = ±2 seconds in red background.

• mean

µ =
1

n
(

n∑
i=1

xi) (6)

• standard_deviation

σ =

√√√√ 1

n

n∑
i=1

(xi − µ)2 (7)

• mean_diff: calculate the mean over the differences
between subsequent values

µdiff =
1

n

n−1∑
i=1

(xi+1 − xi) (8)

• mean_abs_diff: calculate the mean over the absolute
differences between subsequent values

µabs_diff =
1

n

n−1∑
i=1

|xi+1 − xi| (9)

• abs_energy: calculate the absolute energy, that is the
sum over the squared values

eabs =

n∑
i=1

x2i (10)

2) Correlative features:
• autocorrelation: calculate the autocorrelation of the

specified lags k ∈ {1, 2, 3, 4} given the mean µ and
variance σ2, respectively.

Rk =
1

(n− k)σ2

n−k∑
t=1

(xt − µ)(xt+k − µ) (11)



TABLE I
THE INTERESTED FEATURES ARE EXTRACTED AFTER TEMPORAL

SYNCHRONIZATION AND PREPROCESSING OF EACH ANOMALY SAMPLE

WINDOW, RESPECTIVELY.

Feature Dimension Correlation Domain

mean 18 No Time

standard_deviation 18 No Time

mean_diff 18 No Time

mean_abs_diff 18 No Time

abs_energy 18 No Time

autocorrelation 18*4 Yes Time

mean_autocorrelation 18 Yes Time

std_autocorrelation 18 Yes Time

ar_coefficient 18*5 Yes Time

partial_autocorrelation 18*5 Yes Time

fft_coefficient 18*5 No Frequency

fft_angle 18*5 No Frequency

Total features: 18*31 = 558

• mean_autocorrelation: calculate the mean of the
autocorrelation which taken over all possible lags
l ∈ {1, ..., n}

µ(R) =
1

n− 1

n∑
l=1

Rl (12)

• std_autocorrelation: calculate the standard deviation of
the autocorrelation which taken over all possible lags
l ∈ {1, ..., n}

σ(R) =

√√√√ 1

n− 1

n∑
l=1

(Rl − µ(R))2 (13)

• ar_coefficient: get the first 5 coefficients by fitting the
unconditional maximum likelihood of an autoregressive
model AR(p) with order p. In case of our implemen-
tation, the order is a fixed p = 10. The AR(5) model
is defined as

xt = ϕ0 +

p=10∑
i=1

ϕixt−i + εt (14)

where εt is drawn from a Gaussian white noise with a
mean of zero and unit variance.

• partial_autocorrelation: calculate the value of partial
autocorrelation function of given lag k ∈ {1, 2, 3, 4, 5},
denoted α(k), is the autocorrelation between xt and
xt+k with the linear dependence of xt on xt+1 through
xt+k−1 removed. Refer to [20], the function is defined
as

Cov(xt, xt−k) = Cov(xt, xt−k|xt−1, .., xt−k+1)

var(xt) = V ar(xt|xt−1, ..., xt−k+1)

var(xt−k) = V ar(xt−k|xt−1, .., xt−k+1)

α(k) =
Cov(xt, xt−k)√
var(xt)var(xt−k)

(15)

3) Spectrum-based features:
• fft_coefficient: Get the first 5 Fourier coefficients

of real part by FFT algorithm, respectively. In
this implementation, we define the discrete Fourier
transform function as

F =

n−1∑
m=0

am exp{−2π
mk

n
}, k = 0, ..., n− 1

am = exp{2πifm∆t}
(16)

where, ∆t is the sampling interval.
• fft_angle: Calculate the angle of obtained complex

value F of the first 5 Fourier coefficients, respectively.

θ = tan−1 Fimag

Freal
(17)

IV. EXPERIMENTAL VERIFICATION

A. Dataset Description

The dataset contains a total of 108 samples from 137
experimental recordings of kitting task and the proportion
for each anomaly are TC 15.7%, HC 16.7%, HCO 16.7%,
NO 13.0%, OS 16.7%, WC 15.7%, FP 5.6%, respectively.

What is in the data? For each anomaly is detected, all
the modalities from three kinds of sensors and the specific
timestamp are recorded during experiments. In addition, the
anomalous type is labeled by human.

How is the data recorded? Readings of interested data
modalities exist as ROS topics in our system. When an
anomaly is identified, we signal this event by sending a
timestamped ROS message to a pre-defined topic. Therefore,
we record these topics in a rosbag file. As for labels given to
anomalies, they’re recorded in a txt file line by line. Mapping
from data modalities to ROS topics is as follows:

• Baxter_right_endpoint_state
• Robotiq_force_sensor_FT_180
• Robotiq_tactile_sensor
How is the data organized? The dataset is composed

of experiments, each of which is represented as a folder
named in ”experiment_at_[time]” format. Inside an exper-
iment folder, there is a rosbag file called ”record.bag” and
a txt file called ”anomaly_labels.txt” respectively containing
data of topics mentioned in Section IV-A and labels given
to anomalies happened during this experiment.

How to extract anomaly data? To extract anomaly data,
a topic ”/anomaly_detection_signal” is defined, whose mes-
sages are effectively timestamps indicating when anomalies
were identified. It’s worth noting that a burst of anomaly
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timestamps might have been published to this topic. There-
fore timestamps that are adjacent in time should be ignored.
We recommend ignoring a timestamp if its distance to its pre-
cursor is less than 1 second. After anomaly timestamps are
extracted, labels in the accompanied ”anomaly_labels.txt”
can be used to pair with them. There may be cases where
the number of anomaly timestamps does not equal to the
number of labels. In this case, the experiment folder should
be treated as a rotten one and thus should be ignored.

B. Classifiers

For evaluating the performance of the proposed sparse
representation of multivariate time series, we take the fol-
lowing 9 representative classifiers2into consideration and the
parameter settings are described respectively in Tab.II.

C. Results and Analysis

As described above, the classification report (including the
metrics of precision, recall and fscore) by variable classifiers
is shown in Fig.6. In addition, the feature selection is a
process where you automatically select those features that
contribute most to the outcome you are trying to predict
(i.e class). However, having irrelevant features can decrease
the accuracy of the models and increase the computational
efficiency. Therefore, we calculate the p_value of each
extracted feature by using the hypothesis testing method [21].
That is, we preform a singular statistical test checking the
hypotheses for each extracted feature f1, f2, ..., fn,

Hi
0 = {xi is irrelevant for predicting class y};

Hi
1 = {xi is relevant for predicting class y};

(18)

2http://scikit-learn.org/

TABLE II
MULTICLASS CLASSIFIERS

Index Classifier Comment
1 BernoulliNB Binarizing the dataset with the

boolean threshold µ of each madality
axis, which indicates that feature
values below or equal to the threshold
are replaced by 0, otherwise, by 1.
The smoothing parameter α = 1.0 and
with a uniform prior on the class
distribution

2 GaussianNB Default settings
3 DecisionTree A non-parametric supervised learning

method used for classification. A
major advantage is that it does not
require huge data preparation.

4 RandomForest Default steeings
5 LinearSVC Default settings
6 LogisticRegression Default settings
7 SGDClassifier Preprocessing procedure is added to

convert the dataset with zero mean
and unit variance

8 RidgeClassifier Default setting
9 KnnDtw n_neighbors=2 and

max_warping_window=10

The result of hypothesis test in Eq.18 is a p_value, which
assess the probability that feature xi is not relevant for
predicting class y. As shown in Fig.7, we define the score
of feature by calculating the negative logarithmic value on
the p_value. Large scores − log(p_values) indicate features,
which are relevant for predicting the target.

The performance of different classifiers is shown in Fig.5,
as you can see (reading left to right on the graph), the
accuracy indicates to increase as the number of features are
added, until a point beyond which there seems to be too few
features for the classifier to make any reliable conclusions.



Specifically, those features are extracted from a sorted feature
vector in descending order by score values.
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V. CONCLUSION AND FUTURE WORK

This work implements sparsely represent the recorded
multimodal time series with relevant features as small as
possible while preserved classification accuracy. We propose
the multivariate features are extracted in both time domain
and frequency domain and not only consider the static
statistical characteristics, but also including the correlation
and interaction of each dimensional sensory signal. Results
indicate that the data set can be significantly reduced up
to 72.2% ∼ 86.1% (the number of features is 100 and 200,

represectively) of the raw data while keep the average classi-
fication accuracy at about 85% with small data preparation.
Future work should therefore include analyzing the trade-
off between the value window_size and the classification
accuracy. So as to represent the recorded multimodal time
series with relevant features as small as possible while
preserved classification accuracy.
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