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Abstract— This paper describes a method of clothing recognition using dynamic state matching. One purpose of this research
is to develop a function that is used to observe the progress of
dressing a bottom at a toilet or a bedside. In this dressing,
although we just have to do is to put my or others’ legs on the
bottom. some undesirable situations may occur. For instance,
the feet gets hung up on the part of the bottom, and so on.
Assuming to use a single camera, we propose a method that
distinguishes whether or not a behavior of dressing a bottom
is working in order. The input data is an image stream that
captures a dressing sequence. Optical flow is calculated from
two consecutive images, and then the distribution of the flows
is used to distinguish the present clothing state by matching the
optical flow with training dataset. The method outputs whether
or not the present clothing is in a successful situation. The
effectiveness of the proposed method was proven by means of
real image data.

I. I NTRODUCTION
Clothes are essential tools for our daily life. Therefore,
we inevitably have many routine work involving clothing.
One of the important routines we usually perform is to dress
clothes. However, it is not always true for all people to dress
without difficulty. That is, automation of dressing clothes will
contribute to improvement of Quality of Life for the people
[2].
There has been researches about dressing that is assisted
by automated machine. Matsubara et al. [10] proposed
dressing assist method. The method is based on topology
coordinates, and the application is dressing a T-shirt to
a person by a dual arm robot. Reinforcement learning is
applied to make the dressing motion. As other researches,
we can find several developed machines that are for daily
assistance. For the case of toilet support machine, what
only a care receiver has to do is to stand at the center of
the machine, and then robot arms having custom-designed
actuators move up and down a bottom.
These researches performed dressing work with focusing
on grasping point or motion trajectory for clothing manipulation. On the other hand, they did not consider about
manipulation failures that occur while dressing. That is,
recognition functions that were for providing the information
of dressing state were not included in.
The purpose of this research is to develop a visual function
for recognition of dressing clothes. As an application, the
function can be used to observe the progress of dressing a
bottom at a toilet or a bedside. In this dressing, although we
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just have to do is to put my or other’s legs on the bottom,
some undesirable situations may occur. For instance, the feet
gets hung up on the part of the pants, a leg is not put into a
desired hole (as shown in lower left and lower right in Fig. 1,
respectively). It will become more successful if the progress
of the dressing action is observed by external sensors in
online.
Assuming to use a single camera, we propose a method
that distinguishes that a behavior of dressing clothes is working in order or not. The input of the proposed method is an
image stream that captures a dressing sequence. Optical flow
is calculated at two consecutive images, and then the distribution of flows is used to distinguish the present clothing
state by matching with optical flow extracted from training
dataset. For this reason we proposed three types of feature
to describe clothing condition. The method outputs whether
or not the present dressing is in a successful situation. If the
dressing is in failure, the method outputs what type of failure
was occur. To improve the discrimination process, transition
graph is brought in.
This paper is organized as follows: In the next section,
related work was introduced. Section III describes our approaches. Section IV describes three features based on optical flow. Section V and VI describe state matching method
based on our state transition model. Section VII introduces
experimental results, and section VIII concludes this paper.
II. R ELATED WORK
Clothing manipulation have been studied in the field of
intelligent robot [5] [14]. Because clothing is flexible object,
we have to observe both what type of manipulation is
applied, and what is happening to the clothing by the manipulation. Ono et al. [11] estimated the state of a rectangular
cloth from its contour information. A group of planar states,
some of which are bent its corners, was used as knowledge
to be observed. There have been other researches that used
silhouette information for the estimation of the state of a
piece of cloth hanged down by a robot [12] [9].
On the other hand, there are researches that use a 3D
database that is produced by using a physics engine. Kita
et al. [6] used 3D cloth model, and estimated a cloth state
by fitting the model into a 3D pointcloud Maitin-Sphepard et
al. [9] proposed action selection for manipulating deformable
planar objects. By using physical model, a real robot straightened a square-shaped cloth. Kita et al. [9] utilized a 3D
deformable model, and obtained a correspondence between
the model and an input pointcloud that was captured by a
trinocular stereo camera.
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These previous methods assumed that a piece of cloth
exists with static condition when recognition was performed.
However, methods that are for recognizing the state of clothing state while manipulating it should cope with dynamic
condition for more effective estimation.
III. A PPROACH
Figure 2 shows the configuration of the proposed method.
Major components are as follows:
Preprocessing (Fig. 2(1), (2)): First, each image
included in an input image stream is divided into
cloth region and background region. After that,
optical flow is calculated at the cloth region. Therefore the cloth states can be extracted as a set of
tiny movements at local regions. The details are
described in section IV.B.
Feature extraction (Fig. 2(3), (4), (5)): Because
of cloth’s flexibility, the transition of flows is not
uniform. For representing the variety of the cloth
movement, following three kinds of features are
calculated; (i) the magnitude of the flows (section
IV.C), (ii) the mutual relationship of the flows
(section IV.D), (iii) the local movement of the flows
(section IV.E).
Database (Fig. 2 (6), (7)): Image streams that
capture several patterns of dressing clothes are used
to generate database. A consecutive set of optical
flow is calculated from each image stream, and it is
added in the database with two-stage classification.
In the first stage, a set of flows is extracted per
frame pair, and they are registered for estimating
the state of the dressing progress. In the second
stage, a set of the optical flow is divided into
a couple of phases according to the change of
manipulation. For instance, a changing point is set
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to just after pulling up bottoms along shins. The
details are described in section V.
State matching (Figure 2 (8)): Current state is
estimated by searching corresponding optical flow
in the database. If a failure is found, the type of
the failure is also identified.
IV. S TATE DESCRIPTION OF DRESSING CLOTHES
A. Preprocessing 1: Domain segmentation
Before state description, image region of a target clothing
is extracted by means of dynamic graphcut [7]. It is minimizes a cost function as follows:
∑
∑
huv (Xu , Xv ),
(1)
E(X) =
gv (Xv ) +
v∈V

(u,v)∈N

where V is a group of image pixels, and N ⊂ V is a group
of pixels whose positions are neighbor to a target pixel. Xv
is a label assigned to each pixel. The first term gv (·) is called
’data term’, which represents likelihood of a label assigned to
a pixel. The second term huv (·) is called ’smoothing term’,
which represents the cost of disconnection between a present
pixel and neighbor pixels.
In general, graphcut needs seed points before optimization
process. We manually define them as two small regions,
one is from clothing region and another is from background
region.
B. Preprocessing 2: Optical flow calculation
Optical flow is calculated from the consecutive clothes
region in an image stream. A number of methods have been
proposed to calculate optical flow [8]. As clothes is not
always having distinctive texture, methods that do not need
that kind of texture are suited to our case. For this reason, we
apply a method proposed by Farneback [3]. It corresponds

Fig. 3.
An example of optical flow when only lower left part was
manipulated. Left: original image, center: detected flows depicted by color
segments, right: the distribution of flow magnitude.
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two local image window W by using following error vector
ε:
∫ ∫
ε=
[J(x + d) − I(x)]2 w(x)dx,
(2)
W

where x is a pixel coordinates, and d is displacement that
should be estimated. J(·) and I(·) denotes two consecutive
images.
Because the method outputs high-density flows from even
less texture region, it has high expressive power about
detailed shape change of the clothes.

Fig. 5.

Relationship between overall flows and local flows

C. The magnitude of the flows Fm
While a piece of cloth is manipulated, the amount of its
motion can vary from place to place because it is a soft
object. One of methods to capture the motion characteristics
globally is to use the magnitude of the flows.
Our first feature description is calculated by the following
procedure. Unnecessary flows whose magnitude is too small
or too large are removed by means of threshold processing. Remaining flows are normalized based on the average
magnitude of them. The reason for the normalization is to
use the flows for matching process without influence by the
difference of dressing speed.
The center of Figure 3 shows color-coded flows according
to their directions. The right figure shows the magnitude of
the flows (moving speed) by means of brightness difference.
Fm is generated by calculating density histogram from the
gray scale image.
D. The mutual relationship of the flows Fr
The second feature is designed to describe position and
direction relationship between a pair of flows. The intention
is to describe the complexity of flows, that is, a group of
flows is in well-aligned or disturbed condition.
Let (xi , yi ) be the starting position of the each flow. Using
optical flow calculated between a pair of images, mutual
relationship between local parts is described. This description
is inspired from SPRH [13] proposed by Wahl et al. In the
feature generation, two flows are selected, and following
three dimensional vector is calculated.
1) The distance between two flows (Fig. 4, V1 )
√
(3)
V1 = (x1 − x2 )2 + (y1 − y2 )2

2) The angle between one flow direction and the position
vector between two flows. (Fig. 4, V2 )
3) The angle between one flow and another (Fig. 4, V3 )
These calculations are performed against many of flow pairs
that are randomly sampled, and then the results are voted
into the three dimensional parameter space whose axes
corresponds to above item 1) to 3) Fr is generated by
calculating a frequency histogram from the voted space. That
is, the space is regarded as divided into small voxels, and
number of points in each voxel are counted. Each number
is an element of a bin of the histogram. In our experiments,
the number of element of the frequency histogram was set
to 53 = 125. It means that each of three axes was divided
into five sections,
E. The local movement of the flows Fl
Wrinkles and stretches can be found on cloth because
of its flexibility. That is, when a part of a target cloth
is manipulated, the cloth can often transmute around the
manipulated part. For representing such partial movement,
possible flows in local area are extracted and used.
In preparation for the feature description, the center position of the cloth region are calculated from image segmentation result. On the other hand, only flows that constitute a
region where the flows densely exist are selected. RANSAC
[4] is used for this process. Fl is generated by calculating the
relationship between the center position and the local flows
as shown in Fig. 5. The feature consists of two criteria: (i)
the direction from the local flows to the center position, and
(ii) the ratio of the area of local flows and cloth region.

Fig. 6.

Online classification of clothing sequence

V. S TATE TRANSITION MODEL AND MATCHING
There are three kinds of estimation targets that describe
clothing state.
1) Dressing clothes is in success or in failure (Fig. 6, (A)),
2) if in success, which state it is in the present,
3) if in failure, what kind of failure it is (Fig. 6, (B)).
For making state classification, we prepare a database that
is consist of feature vectors calculated from a set of training
data. Several image streams about successful dressing clothes
are captured. On the other hand, several series of image
streams with the failure of dressing action are also captured.
Optical flow is calculated from each of the image streams,
and three features Fm , Fr and Fl are calculated. The database
has a list of the features to which information of dressing
state is appended.
The main roles of the database are as follows:
1) Phase estimation: One dressing sequence is divided
into several phases. The database is used to recognize
the switching of the phases.
2) One-on-one matching: A pair of consecutive images
produce a set of optical flow. The result is used for
frame to frame matching that is to recognize present
dressing condition.
Based on them, we implement two types of feature set as
shown in Fig. 2 (6), (7).
A. Evaluation formula
The estimation of dressing clothes is achieved by searching a feature sequence that is the most similar to a feature set
calculated from current image pairs. Let F be a feature set,
that is also written as F = {Fm , Fr , Fl }. Each of F∗ is a
1
2
T
time-series feature set; for instance, Fm = {fm
, fm
, · · · , fm
},
where T denotes a serial number of clock time, and each of
fm consists of a set of flows calculated from a pair of images.
Because we have three different feature descriptions, similarity calculation should include integration procedure for
three features. It is achieved by the following equation:
∏
Psk =
dist(Fi , Fsi k ),
(4)
i={m,r,l}

where Psk represents the similarity with phase sk in the
database. A matching result is a result that shows the smallest

Fig. 7.

State transition model

value in the equation (4). sk denotes kth phase of dressing
clothes. sk consists of a group of state stk , which we try
t
to represent by using three features fm
, frt and flt . That is,
t−a
t+b
t
sk = {sk , · · · , sk , · · · , sk } (where a and b are positive
number). If any one of s∗k included in sk is well matched
with current optical flow, the current phase is estimated as
k.
The similarity of Fm is calculated by means of Bhattacharyya distance [1]. Pairs of features whose distance is
under the pre-defined threshold are candidates.
v
u
Nm
u
∑
√
sk
sk
(n),
(5)
Hm (n)Hm
dist(Fm , Fm ) = t1 −
n=1

where Hm (n) denotes an element of density histogram Hm
that is derived from flow magnitude. n is the serial number
of the histogram bins. Hsmk denotes a histogram derived from
a state stk in the database.
The similarity of Fr is also calculated as a distance
between two histograms.
dist(Fr , Fsrk ) =

Nr
∑
√
(Hr (n) − Hrsk (n))2 ,

(6)

n=1

where Hr and Hsrk are relation histograms for current optical
flow and that in the database, respectively.
The similarity of Fl is calculated by using the distance
between two feature vectors:
Nl √
∑
dist(Fl , Fsl k ) =
(Hl (n) − Hlsk (n))2 .
(7)
n=0

VI. I MPROVEMENT OF EFFECTIVENESS AND
ROBUSTNESS OF STATE MATCHING

One of the approaches of searching a state that is similar
to current state is to match the current state with all of states
in the database. However, such approach is time consuming
and easy to produce mismatching. For this reason, we apply
state transition model so that the matching process becomes
more effective and robust.
The transition model is designed based on dressing phases.
For instance, if a present phase is in a situation that both legs
are run into a bottom that is pulled up by both hands, next

TABLE I
E STIMATE STATE AND CALCULATE SCORES

Success
cases

Failure
cases

Fig. 8.

Input Pattern
No.1 to No.4
No.1 to No.4
No.1 to No.4
No.1 to No.4
No.1 to No.4
No.1 to No.4
No.5
No.6
No.7
No.7
No.8
No.8
No.8
No.9
No.9
No.10
No.10
No.11
No.11

No.1
No.1
No.1
No.1

Result
No.9
to No.4
No.10
to No.4
to No.4
to No.4
No.5
No.6
No.11
No.7
No.11
No.8
No.8
No.9
No.8
No.7
No.11
No.11
No.11

Avg. score
0.5242
0.3620
0.3926
0.5690
0.3204
0.3712
0.3110
0.4762
0.4307
0.3901
0.3455
0.2826
0.2937
0.4027
0.2993
0.3210
0.3641
0.3508
0.4013

4 phases of dressing a bottom
TABLE II
COMPARE TO TRIAL WITHOUT ONE FEATURE

Success rate [%]
False positive [%]
False negative [%]
Failure state
estimation [%]

Fig. 9.

Current state estimation

phase can be limited to a manipulation for running one foot
into the bottom. If such transition is not detected, it is viewed
a present manipulation as a failure.
A transition from one phase to another is decided according to the following equation;
sk0 = max{wsk →sk0 · Psk0 },
s∈S

(8)

where S = {s1 , s2 , ..., sK }, and wsk →sk0 denotes a weight
coefficient that is for a transition from phase sk to sk0 ∈ S.
If there is no way to sk0 , wsk →sk0 is set to 0. Psk0 is the
score of the matching with sk0 , as shown in equation (4).
Fig. 7 shows a conceptual diagram of the state transition
model. Normally, a transition occurs only on phases in
success. but if in failure, a phase transits to failure states
such as sf 1 and sf 2 .
VII. P ROOF EXPERIMENTS
A. Settings
A mannequin was set on a horizontal board whose height
was 700 [mm]. A camera placed at 750 [mm] height and
1500 [mm] away from the mannequin was used to capture
image streams. Each image stream is VGA size (640 × 480
[pixel]) with 30 [fps]. Under the setting, a person clothed in
a bottom to the mannequin.

All
58–73
0–8
33–66

Fr , Fl
21–36
15–30
50–83

Fm , Fl
5–20
15–38
33–83

Fm , Fr
21–42
0
84–100

69–77

15–30

15–30

30–45

Before state matching experiments, we captured 6 different
image streams that were of dressing clothes in success. For
representing state transition about the success of dressing
clothes, each of image stream was divided into four phases.
They were named as No.1 to No.4 (Fig. 8 shows starting
frames of the 4 phases). On the other hand, 7 different image
streams that included failure state were also captured. They
were named as No.5 to No.11. Feature descriptions based
on optical flow calculated from these 13 image streams were
used to constitute a database.
The purpose of this experiments was to estimate whether
or not the dressing clothes was completed. That is, the result
of state matching will transition from phase No.1 to phase
No.4 in order if the dressing action succeeds. If this is not
the case, the matching result was classified into failure, and
the type of failure is identified from phase No.5 to No.11 in
database.
B. Success / failure classification and failure state estimation
Fig. 9 shows an example of state matching. Current state
is consistently matched with the flows in database (shown
in (6) in Fig. 2). A large image on the left side is an image
corresponding to the current optical flow, and a small image
on the lower right side is an image corresponding to matched
features in database. These images show a failure that both
legs fell into one hole while hitching up a bottom.
Table I shows experimental results. In this experiment, 19
series of image sterams were used as test data. The second
column describes the success / failure pattern of input image

Fig. 10.
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streams, and the third column describes that of matching
results. Avg. score shows average similarity value of the
matching. The matching was failed with 2 of the 6 trials
about success case. On the other hand, all of failure cases
were correctly estimated as failure. However, failure type
estimation was failed with 4 of the 13 trials. As a result, the
final success rate was 73 %.
Table II shows results with several combinations of the
features. It was tried with 4 times for each combination.
Values in the cells show the range of success rate. In each
case of using only two types of features, the success rate was
much lower than the combination of three features. This fact
tells us that three types of feature descriptions proposed in
this paper have different representation power that is needed
for estimation of dressing behavior.
Fig.10 shows an experimental result that is an application
to dressing by an autonomous robot. Left side of each image
is captured from a camera mounted on the robot, and left
side shows dressing phases ordered by temporeal sequence.
If one blue rectangle is filled by green color, it means that
present phases is in success. Otherwise, it is in failure.
In this experiment, the dressing procedure was temporarily
classified into failure because the bottom got stuch with left
toe (Fig. 10, (5)). However, the dressing motion was retried
based on the estimation result. As a result, dressing behavior
was continued until the bottom was pulled up over knees.
VIII. C ONCLUSIONS
This paper describes a method of estimation of dressing
clothes. The input of the method is an image stream that
captures the progress of the dressing action. It recognizes
whether or not the present dressing state is in a successful
situation, and if in failure, what type it is. Through experiments about dressing a bottom at the bedside, we confirmed
the effectiveness of the method.
For future work, application to the automation of dressing
clothes by robots should be considered.
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