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Abstract

In this paper, we investigate order-preserving sparse coding for classifying structured data whose

atomic features possess ordering relationships. Examplesinclude time sequences where individual frame-

wise features are temporally ordered, as well as still images (landscape, street view, etc.) where different

regions of the image are spatially ordered. Classification of these structured data is often tackled by

first decomposing the input data into individual atomic features, then performing sparse coding or other

processing for each atomic feature vector independently, and finally aggregating individual responses to

classify the input data. However, this heuristic approach ignores the underlying order of the individual

atomic features within the input data, and results in suboptimal discriminative capability. In this work, we

introduce an order preserving regularizer which aims to preserve the ordering structure of the reconstruc-

tion coefficients within the sparse coding framework. An efficient Nesterov-type smooth approximation

method is developed for optimization of the new regularization criterion, with theoretically guaranteed

error bound. We perform extensive experiments for time series classification on a synthetic dataset, several

machine learning benchmarks, and an RGB-D human activity dataset. We also report experiments for

scene classification on a benchmark image dataset. The encoded representation is discriminative and

robust, and our classifier outperforms state-of-the-art methods on these tasks.
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I. INTRODUCTION

Sparse coding has been successfully used in various computer vision applications [1] [2] [3]. Using

sparse coding for classification tasks presents two advantages: 1) the method is training-free, if the

dictionary is constructed by simply sampling from the training data; and 2) the method provides flexibility

in handling dynamic training settings, i.e., new training samples and new class labels. Sparse coding

compactly represents an objects as a linear combination of asmall number of elements in a dictionary.

Data are usually structured. For example, there may existgroup structures in the data. To handle

such structures, two alternative methods, Elastic Net [4] and group Lasso [5] have been proposed. They

favor the selection of a small number of groups of correlateddictionary samples to represent the testing

data. Another example is when data are described by several types of features (modalities). In object

recognition, we may extractK types of image representations fromK different feature types associated

with the same visual input. By minimizing the sum ofℓ2 norms of the blocks of coefficients associated

with each covariate group across different feature representations, we favor similar sparsity patterns in all

modalities [6]. In [7], the objective of joint sparsity is achieved by imposing anℓ2,1 mixed-norm penalty

on the reconstruction coefficients.

In this work, we are interested in a different problem setting, i.e., to deal with a different type of

structured data, under the sparse coding framework: the input is a sequence of feature vectors instead

of a single feature vector, and there exist dependencies among the input feature vectors. An example is

a multidimensional time series such as audio data, which admits a naturaltemporal ordering structure

across instantaneous feature vectors at successive time stamps. Another example is a still image (in

this work, still images include landscapes, street views, etc., but not general objects), which is usually

composed of regions with underlying spatial arrangement (spatial ordering structure) rules. For example,

the sky region should always be above the sea region, and the street region should always be between

buildings on both sides. For time sequence classification, aclassical solution is to apply sparse coding

to the feature vector in each input frame (i.e., time stamp) individually, and then compute and aggregate

reconstruction coefficients for individual frames over theentire audio sequence for classification [8].

However, the temporal structure of the sequence conveys discriminative information. Treating each

frame independently would discard this important information. Similarly, for scene classification, treating

individual image regions independently and ignoring theirunderlying spatial ordering property would

also discard information.

The objective of this work is therefore to explore a novel encoding method which can not only
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Fig. 1. Application of order preserving sparse coding to human motion sequence classification (upper panel) and still image

classification (lower panel). Here still images include landscape and street view images. For human motion sequence classification,

we extract3D skeleton features for each frame, denoted byxt for dictionary sample andyt for testing sample. The frame-wise

features within each sequence are ordered temporally. For still image classification, we first segment each image into regions.

Then for each region, we extract a frame-based feature vector, e.g., color histogram or bag of SIFT features, denoted byxm for

dictionary sample andym for testing sample. These region-based features are then ordered according to the vertical position

of the region centers in a sequence. Coding coefficients for different frame/segment-wise features are color-coded on the right.

The mean squared reconstruction residual is used as part of the classification criterion. Note that performing sparse coding for

individual features independently makes input sequenceY have strong coding coefficients on dictionary sequenceXj , which

leads to misclassification. In contrast, our order preserving coding will have weak response fromXj becauseXj has different

ordering structure thanY (even though the atomic feature vectors from bothY andXj are similar).
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encode structured data (e.g., time sequence and still image) discriminatively but also preserve the ordering

structure of the input data. The main idea of our work is illustrated in Figure 1, which showswhy order

preservation is important. Figure 1 shows two examples of structured (ordered) data: a3D-skeleton

feature time sequence (top panel) and an image segment-based feature sequence in the vertically ordered

way (bottom panel). For each example, there is an input sequence Y and two dictionary sequences

Xi andXj . In both examples,Xi andXj contain similar frame/segment-wise features; however, these

individual features are ordered in different ways. Therefore, the class labels for both dictionary sequences

are different. The input sequenceY has the same class label as dictionary sequenceXi. Moreover,

Y and Xi have similar frame-wise features with similar temporal or spatial ordering structures. The

reconstruction (coding) coefficients are shown on the right. If we ignore the ordering structure of the

input sequence and perform sparse coding for each frame/segment-wise feature independently, individual

input frame-wise features will receive strong response from similar dictionary items. In this sense, even if

the class labels ofXj andY are different,Y still receives strong reconstruction (coding) coefficients from

Xj since their individual elements are very similar. As a consequence,Y will be most probably classified

into the same class asXj . Therefore, we need a regularization mechanism which can discourage strong

coding coefficients on those dictionary sequences whose ordering structures are different from those of

the input sequence (even if their individual elements are similar).

However, how to utilize the ordering information for structured data has been largely ignored in

current sparse coding literature. Previously designed regularization schemes [4], [5], [6], [7] cannot be

directly applied to address the order preserving problem. Asmoothness regularizer (e.g., total variation)

is sometimes paired with a sparse regularizer such that correlated features in the input space map to

similar coefficients. An example is fused lasso [39], where the reconstruction coefficients learned for

highly correlated features have similar values. Another example is Zhao et al. [21], which applied a

weighted smoothness regularizer for predicting unusual local video events. Since similar motion features

at neighboring patches are more likely to be involved in a usual event, it is reasonable to enforce that

similar reconstruction weight vectors be assigned to neighboring cuboids. However,smooth codesdo not

necessarily correspond toorder-preserving codes.

Our order preserving regularizer penalizes the misfit of thetemporal or spatial order of the reconstruc-

tion coefficients for individual atomic features with respect to the underlying order of the atomic features

within the input data. The resulting optimization problem is convex but non-smooth. We develop an

efficient Nesterov-type smooth approximation method [9] for optimization with theoretically guaranteed

error bound. To the best of our knowledge, this is the first attempt to address this ordering consistency
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issue for sparse coding. The classical smooth regularization framework encourages smoothness of the

target function, but this does not guarantee that the reconstruction coefficients for the test sequence follow

the same ordering pattern as in the dictionary sequence. Ourmethod inherits the discriminative capability

of conventional sparse coding and further boosts this capability by explicitly encoding temporal or spatial

ordering structures.

The rest of this paper is organized as follows. Section II discusses related work on time series and

still image classification. Section III presents the problem formulation and our optimization procedure.

Extensive experimental results and discussions are presented in Section IV. Section V concludes the

paper.

II. RELATED WORK

In this section, we discuss the disadvantages of previous attempts to utilize the ordering structure

information and then the motivations our approach.

A. Temporally-Ordered Structured Data

Time series classification is an active research topic. Hidden Markov models (HMMs) [10] is the most

popular approach to sequence classification. A segmental hidden Markov model (HMM) was recently

used to characterize the waveform shape for recognition [11]. Dynamic Time Warping (DTW) [12] is also

widely used for time series classification. Rodrigues et al.[13] proposed a DTW decision tree method

for time series classification. Hayashi et al. [14] used DTW distances to embed time series into a lower

dimensional space by Laplacian eigenmap. The computational burden of DTW-based methods is generally

high. Xi et al. [15] proposed numerosity reduction to accelerate nearest-neighbor DTW. Another tool for

sequence classification is Recurrent Neural Networks (RNN)[16], which is a modification of a general

Neural Network architecture that considers the temporal structure. However, training the model using

back propagation is also complex and slow [16]. In contrast,our method uses fixed dictionary sequences

which are sampled from the training data and thus it requiresno dictionary learning. Owing to an efficient

approximate optimization scheme, the testing time complexity of our method is comparable with the

above mentioned sequence classification methods. Then-gram model [18] is also used for sequence

modeling for speech recognition; however, it lacks explicit representation of long range dependency,

and it is very sensitive to temporal scaling. In contrast, our proposed regularization scheme does not

have these limitations. Although some other works [19] [20][21] also study sparse coding for temporally

varying signals (events, images), their regularization framework only uses traditional temporal smoothness
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constraints. None of these works directly considers temporal ordering information. Our method inherits

the good discriminative capability of sparse coding and also preserves the ordering structure of the input

data. Therefore, it achieves better classification performance.

B. Spatially-Ordered Structured Data

The bag-of-words (BoW) model has been widely used in still image classification due to its good

accuracy, simplicity and robustness to image variations. In this work, still images mean images with

strong spatial ordering structure such as landscape, street view etc. However general images are not

considered here. Each visual feature (e.g., SIFT [37]) extracted from the image is assigned to a visual

feature prototype (i.e., visual word) by nearest neighbor searching, and then a histogram representation

is computed by counting the occurrence of each visual word. As the BoW model cannot encode spatial

information, Lazebniket al. [33] extended the BoW model with Spatial Pyramid Matching Kernel (SPM)

by exploiting the spatial information of location regions.Yang et al. [35] proposed an extension of SPM

by using Sparse Coding (ScSPM), which achieved the state-of-the-art performance in image classification.

By replacing k-means with sparse coding, the accuracy of thequantization process is improved. Object

positions and scales in the image usually have large variations and therefore the fixed spatial pyramid

feature pooling approach is not always optimal. To address this issue, Sadeghi and Tappen [29] proposed

a latent pyramidal regions (LPR) representation for scenery image classification and all possible sub-

windows of the images are fed into a latent SVM training procedure to make the classification robust to

different spatial configurations of images. Yan et al. [32] introduced a two-level feature extraction and

pooling framework for image classification that includes a comprehensive set of windows densely sampled

over location, size and aspect ratio. To explore the dependence information among nearby local features,

Gao et al. [28] proposed a Laplacian sparse coding method by taking into account the correlation among

the local features. The kNN method is used to construct a Laplacian matrix that characterizes the similarity

of local features. This Laplacian matrix is incorporated into the objective function of sparse coding to

preserve the consistence in sparse representation of similar local features. Recently, Balasubramanian et

al. [30] proposed a smooth sparse coding framework based on kernel-smoothing for incorporating feature

similarity information between the samples into sparse coding.

These works only consider the object position/scale variations in the images and the local consistency

between neighboring visual features in feature coding. Theimportant spatial ordering structures between

elements (segments) in still images were not considered.
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III. O RDER PRESERVINGSPARSECODING

A. Notation

We denote scalars and vectors by lower case roman and bold fonts respectively, and matrices by upper

case letters. The input is a sequence of ordered atomic feature vectorsY = [y1,y2, · · · ,yt] where eachyi

is aD-dimensional feature vector, andt denotes the length of the sequence. For a time sequence,i denotes

the temporal index andyi is the atomic feature vector extracted from thei-th frame. For a still image, we

first segment an image intot regions (segments). We extract an atomic feature vectoryi from each region

(e.g., color histogram or bag of SIFT features). ThenY is ordered according to the spatial coordinates of

the centers of these regions (patches, image segments). We order atomic feature vectors extracted from all

regions either horizontally according to the x-coordinateor vertically according to the y-coordinate. We

are given a basis dictionary denoted byX = {(X1, y1), (X2, y2), · · · , (XS , yS)}, whereS is the number

of dictionary sequences. Each sequenceXj is also an ordered atomic feature vector sequence represented

by Xj = [xj
1,x

j
2, · · · ,x

j
tj
], wheretj is the length of thej-th sequence (i.e., number of time stamps in

a time sequence or number of image patches/segments in an image) andyj is the corresponding class

label. Eachxj
i is a D-dimensional feature vector normalized to be of unitℓ2 norm. Note thattj may

vary from sequence to sequence. The class labelyj hasC possible values{1, 2, · · · , C}. For example,

in human action classification we haveC categories for actions such as walking, running, and standing.

We stack all the sequences (i.e., for each sequence the temporal order or horizontal/vertical spatial order

within the sequence is retained) in the dictionary one by one, and represent the dictionary by aD ×N

matrix X = [X1,X2, · · · ,XS ], whereN =
∑S

j=1 tj is the total number of feature vectors. We denote

by αi the N -dimensional vector of reconstruction coefficients for theinput vectoryi, which is a linear

combination of all dictionary entries. Letα = (α1;α2; · · · ;αt), and denote byαj
i the tj-dimensional

reconstruction coefficients for input vectori from the dictionary sequencej. Using this convention, we

further denote byαj = (αj
1;α

j
2; · · · ;α

j
t ) the reconstruction coefficients from thetj feature vectors of

the dictionary sequencej.

B. Order Preserving Regularizer

A straightforward way to represent an input sequence withinthe sparse coding framework is to

first decompose the input sequence into atomic feature representations, e.g., frame-based feature vec-

tors at individual time stamps for time sequence or region-based feature vectors for individual image

regions/patches for still image. Then sparse coding is performed for each atomic feature representa-

tion vector independently. Finally individual responses (reconstruction coefficients) are aggregated for
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classification. However, this approach is suboptimal because these types of input data have very strong

ordering structures across individual atomic feature vectors. Our proposed regularization scheme explicitly

addresses this problem and is formulated as

F (α) = f(α) + λ1G(α) + λ2P (α), (1)

wheref(α), G(α) and P (α) represent the least squared data fitting term, the sparsity term, and the

order preserving regularization term, respectively, andλ1 andλ2 are the corresponding weighting factors.

We first require that the reconstruction coefficients for allindividual feature vectors of the input

sequence be nonzero on only a few dictionary sequences. As the input sequence normally matches only

a few dictionary sequences, spreading the reconstruction coefficients throughout all dictionary sequences

degrades the representation discriminative capability. To this end, we adopt anℓ2,1 norm group-sparsity

regularizer as in multitask joint sparse coding [7]. Thus the first term of our regularization criterion is

G(α) =

S
∑

j=1

‖αj‖2. (2)

The second term of our regularization criterion is the orderpreserving regularizer. For a time sequence,

the goal is to prevent the reconstruction coefficients of theinput feature vectori (i.e., at the time stamp

i of the input sequence) of thej-th dictionary sequence from beingbehind those of the input vector

i+ 1 (at the time stampi+ 1 of the input sequence). Similarly, for a still image, the goal is to prevent

the reconstruction coefficients of the input feature vectori (i.e., thei-th patch-based feature vector in

the horizontally (left to right) or vertically (top to bottom) ordered image patch feature sequence) of

the j-th dictionary sequence from beingon the right of or below those of the input vectori + 1. In

other words, the nonzero reconstruction coefficients for individual feature vectors obey the same order

as the corresponding feature vectors in the input sequence.To encourage such ordering, we consider the

expression

(wT
j (α

j
i −α

j
i+1))+ , max{wT

j (α
j
i −α

j
i+1), 0}, (3)

where wj is a vector that has the same length as the corresponding dictionary sequencej and is

element-wise increasing.(.)+ denotesmax (., 0). Thus,wj(i) < wj(i
′),∀i < i′. The dot productwT

j α
j
i

approximates the temporal/spatial ordering position of the responses for thei-th input vectoryi from

dictionary sequencej. When the sum of all entries inαj
i is one, the sumwT

j α
j
i can be considered

as the approximated ordering position. OtherwisewT
j α

j
i can be considered as the importance weighted

version of the approximated ordering position. ThereforewT
j α

j
i > wT

j α
j
i+1 means that the approximated

ordering position of the response for the(i + 1)-th input vector on dictionary sequencej precedes that
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of the i-th input vector, which is the case to penalize. We callwj an ordering-prior-multiplier, and in

this work we choose the following simple choice forwj, namely element-wise linear:

wj =

(

1

tj
,
2

tj
, · · · ,

tj − 1

tj
, 1

)T

. (4)

Recall thattj denotes the length (number of atomic features) of sequencej. Note that the ordering-

prior-multiplier reflects the increase of time stamp or the increase of spatial position index from left to

right (top to bottom). Theorder preserving regularization term is obtained by summing (3) over all

consecutive elements of the input sequence and over all dictionary sequences, namely,

P (α) =

t−1
∑

i=1

S
∑

j=1

max(wT
j α

j
i −wT

j α
j
i+1, 0). (5)

An illustration of the effect of the regularizer (5) in the case of time sequence classification (e.g., human

action classification) is given in Figure 2. The input is a3D-skeleton feature sequence with three frames,

Y = [y1,y2,y3]. There are two dictionary sequencesXi and Xj. We see thatXi and Xj contain

the same frame-wise features. However, their frame-wise features are temporally ordered in different

ways. Therefore the action labels for both dictionary sequences are different. The input sequenceY

has the same action label as dictionary sequenceXi, i.e., the same frame-wise features in the same

temporal order. The right side of Figure 2 shows the reconstruction coefficients for all frame-wise features

on dictionary sequencesXi (upper) andXj (bottom). The reconstruction coefficients corresponding to

different frame-wise features are color-coded. For the reconstruction coefficients onXi, we see that

the mean approximate temporal position of the reconstruction coefficients follows the input ordering

structure, thuswT
i α

i
t − wT

i α
i
t+1 < 0 for t = 1, 2 and the penalty of our regularizer is zero, i.e.,

∑2
t=1 max(wT

i α
i
t −wT

i α
i
t+1, 0) = 0. For the reconstruction coefficients onXj , while individual input

frame-wise features receive strong response from similar items in the dictionary, there is a strong ordering

difference betweenY andXj . This results in a penalty, i.e.,
∑2

t=1 max(wT
j α

j
t−wT

j α
j
t+1, 0) > 0. In this

case, the proposed regularizer will most likely attenuate the coding coefficients, which results in a small

penalty value, i.e.,
∑2

t=1 max(wT
j α

j
t−w

T
j α

j
t+1, 0) ≈ 0. Figure 3 shows the coding effects using different

regularization schemes including: 1) sparse regularizer,2) sparse and smooth regularizer (e.g., fused

lasso [39] of the form
∑S

j=1 ‖α
j‖1+λ

∑S
j=1

∑t−1
i=1 ‖α

j
i−α

j
i+1‖1), and 3) our order preserving regularizer.

We see that the sparse regularizer simply yields sparse reconstruction coefficients. The sparse and smooth

regularizer favors similar reconstruction values for temporally nearby input features. However, these

regularizers cannot enforce the order preserving property. In contrast, our regularization scheme achieves

that goal. We note from the mathematical formulation that our proposed order preserving regularizer seems
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Fig. 2. Application of the regularizer (5) to human action sequence classification. The reconstruction coefficients that follow

the temporal order of the input sequence are not penalized bythe order-preserving regularizer (upper row). Those do notfollow

the ordering structure of the input sequence are penalized (middle row). In this case, the proposed regularizer will weaken the

coding response on the dictionary sequenceXj which has a different ordering structure than the input sequenceY (bottom

row).

like anone-sidedversion of the fused lasso regularizer. However, the sparseand smooth regularizer (e.g.,

fused lasso) is not able to force the reconstruction coefficients of the input feature vector at framei to

appear before those of thei+ 1-th frame. Therefore, it cannot enforce the order preserving property.

Discussion:1) The proposed regularizer preserves the ordering structure approximately. When the sum

of all entries inαj
i is one, the sumwT

j α
j
i can be considered as the expected relative ordering position.

When the sum of the entries inαj
i is not equal to one,wT

j α
j
i can be considered as the importance weighted

sum ofαj
i . ThenwT

j α
j
i/|α

j
i | can still be considered as the expected relative ordering position. If we

constrain each elementαj
i to take binary values0 or 1 to enforce exactly matching a dictionary element,

the optimization becomes infeasible (NP-hard). Regardingthe trade-off between accuracy and efficiency,

the proposed relaxation (approximation) ofα
j
i is quite standard in computer vision. 2) Although our

approximation is based on the assumption that the learned reconstruction coefficients are non-negative,
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we can regard that a negative value for the entry ofα
j
i means there is out-of-segment extrapolation. In

the experimental part, we will empirically show that even ifwe do not explicitly enforce this non-negative

constraint in our objective function formulation, most of the learned coefficients are non-negative and

the few negative coefficients mostly do not affect the algorithmic performance. We will also provide a

positivity correctionversion of our coding algorithm by setting the negative reconstruction coefficients

to zero after each iteration.

C. Objective Function and Optimization

Here we formally state our regularization criterion. The reconstruction error term is

f(α) =
1

2

t
∑

i=1

‖yi −Xαi‖
2
2, (6)

which is a convex, smooth, differentiable function with Lipschitz constantLf = ‖XTX‖F , where‖.‖F

denotes the Frobenius norm.
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The group-sparsity regularizer of (2) is anℓ2,1 mixed-norm, which is convex and nonsmooth. However,

the norm‖αj‖2 can be written as

‖αj‖2 = max
‖vj‖2≤1

〈αj,vj〉. (7)

We use the Nesterov smooth approximation method of [9] and approximate (7) by the smooth function

qµ,j(α
j) = max

‖vj‖2≤1

{

〈αj,vj〉 −
1

2
µ‖vj‖

2
2

}

, (8)

whereµ is a parameter that controls the approximation accuracy. The unique maximizer of (8), denoted

by vj(α
j), is derived as

vj(α
j) =







α
j

µ
, 0 ≤ ‖αj‖2 ≤ µ,

α
j

‖αj‖2

, ‖αj‖2 > µ.
(9)

The smooth approximation of (2) is therefore obtained as

Gµ(α) =

S
∑

j=1

qµ,j(α
j). (10)

The order preserving regularization function is given byP (α) in (5). By simple manipulation, we

rewriteP (α) more compactly as (we note thatWiα is a scalar):

P (α) =

S×(t−1)
∑

i=1

‖(Wiα)+‖1 =

S×(t−1)
∑

i=1

(Wiα)+, (11)

Here eachWi, i = 1, 2, · · · , (t− 1)× S, is anN -dimensional row vector given by

W(h−1)×S+j = (0, · · · , 0,wT
j , 0, · · · , 0,−w

T
j , 0, · · · , 0), (12)

for h = 1, 2, · · · , t− 1, j = 1, 2, · · · , S. The positions ofwT
j and−wT

j correspond to those ofαj
h and

α
j
h+1 in α, respectively. As mentioned above, the regularizer (11) encourages order preserving for the

reconstruction coefficients for individual feature vectors of the input sequence. The function(Wiα)+ is

convex and nonsmooth. Moreover,

(Wiα)+ = max
0≤vi≤1

(Wiα)vi. (13)

Using the Nesterov smooth approximation method again, we approximate (13) by the following smooth

function

pµ,i(α) = max
0≤vi≤1

{

(Wiα)vi −
1

2
µv2i

}

, (14)

whereµ is the parameter that controls the approximation accuracy.For fixedα, the unique maximizer

of (14) is derived as

vi(α) = min

{

1,max

(

0,
Wiα

µ

)}

. (15)
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We then construct a Nesterov-type smooth approximation ofP (α) as

Pµ(α) =

S×(t−1)
∑

i=1

pµ,i(α),

= max
‖v‖∞≤1, v�0

{

〈Wα,v〉 −
1

2
µ‖v‖22

}

, (16)

where the matrixW is given byW = (W1; · · · ;W(t−1)×S), and the vectorv by v = (v1; · · · ; v(t−1)×S).

The nonsmoothedobjective function is defined as

F (α) =
1

2

t
∑

i=1

‖yi −Xαi‖
2
2 + λ1

S
∑

j=1

‖αj‖2 + λ2

S×(t−1)
∑

i=1

(Wiα)+, (17)

for problems with one-dimensional ordering structure, e.g., a time sequence with temporal ordering.

A still image has a multi-dimensional ordering structure. That is, the segments of the image have

spatial ordering in both horizontal and vertical directions. We extend (17) to incorporate order-preserving

regularizers for both directions as

Fs(α,α′) =
1

2

t
∑

i=1

(‖yi −Xαi‖
2
2 + ‖y

′
i −X ′α′

i‖
2
2)

+ λ1

S
∑

j=1

(‖αj‖2 + ‖α
′j‖2) + λ2

S×(t−1)
∑

i=1

((Wiα)+ + (Wiα
′)+). (18)

Here, Y = [y1, · · · ,yt] and Y ′ = [y′
1, · · · ,y

′
t] denote the input sequence which is horizontally and

vertically ordered. Namely, the image is first segmented into t segments (patches) and we extract a

patch-based feature (atomic feature representation vector yi or y′
i) for each patch. We then order{yi}

and {y′
i} into horizontally and vertically ordered sequencesY andY ′ based on the image coordinates

of the centers of these patches, i.e., the image patch corresponding toyi is spatially situated on the left

of the patch corresponding toyi+1. Accordingly,X andX ′ denote the dictionary sequences which are

horizontally or vertically ordered.α andα′ are the corresponding reconstruction (coding) coefficients

for preserving the horizontal and vertical spatial orders,respectively.

The above objective functions are convex but nonsmooth. According to (10) and (16),F (α) can be

approximated by the convex and smooth function

Fµ(α) = f(α) + λ1Gµ(α) + λ2Pµ(α). (19)

We adopt (19) as our regularization criterion. The gradientof Fµ(α) is∇Fµ(α) = ∇f(α)+λ1∇Gµ(α)+

λ2∇Pµ(α), and the corresponding Lipschitz constant isLFµ
= Lf + λ1LGµ

+ λ2LPµ
.

In the following, we introduce the approximate optimization technique forF (α). The optimization

method forFs(α,α′) is similar. To minimizeFµ(α), we use the efficient accelerated proximal gradient
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(APG) method [22], which has rate of convergenceO(1/n2), wheren is the iteration number. In terms of

the desired residueǫ, i.e., |Fµ−minFµ| ≤ ǫ, by choosingµ ≈ ǫ we have the rate of convergenceO(1/ǫ).

Algorithm 1 shows the optimization procedure. The regularization parametersλ1 andλ2 are chosen by

cross-validation on a validation subset sampled from the training data. In particular, we consider values

of λ1 andλ2 in the set{0.001, 0.01, 0.1, 1.0, 10, 100, 1000}. The testing time complexity of our order

preserving sparse coding method (MTO-SC) isO(n(t2SD+ t
2
S2)), wheret denotes the average length

of sequence,S the number of training sequences andD the dimensionality of the frame-wise features.

The gradient computation step in Algorithm 1 could be implemented using parallel computing, e.g., GPU.

Because the gradient ofFµ(α) is a summation over the frame index of the testing sequence, this would

further accelerate the gradient computation by a factor oft.

Algorithm 1: Optimization procedure for (19)

Inputs : X ∈ R
D×N , {Wi ∈ R

1×N , i = 1, 2, · · · , S(t− 1)}, λ1, λ2, µ, {yi, i = 1, · · · , t}.

Output : α = (α1;α2; · · · ;αt) ∈ R
tN .

Initialization: CalculateLFµ
= Lf + λ1LGµ

+ λ2LPµ
. Initialize α0,β0 ∈ R

tN to be zero vectors,

and letγ0 = 0, k = 0.

repeat
uk = (1− γk)αk + γkβk,

Calculate the gradient∇Fµ(uk).

βk+1 = βk −
1

γkLFµ

∇Fµ(uk),

αk+1 = (1− γk)αk + γkβk+1,

γk+1 =
2

k+1 , k ← k + 1.

until convergence;

D. Analysis

Here, we analyze the approximations (10) and (16) and bound the approximation errors.

Proposition 1. Gµ(α) is a µ-accurate approximation toG(α), that is

Gµ(α) ≤ G(α) ≤ Gµ(α) +
1

2
µS. (20)

This result is a special case of Nesterov’s approximation theorem [9] [Equation 2.7]. See proof in

Appendix A in the supplemental material.
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Theorem 1. The functionGµ(α) is convex and continuously differentiable. Moreover, its gradient∇Gµ(α) =
∑S

j=1 vj(α
j) is Lipschitz continuous with constantLGµ

= tN
µ

.

This result is a special case of Nesterov’s approximation theorem [9] [Theorem 1]. See proof in

Appendix B in the supplemental material.

Proposition 2. Pµ(α) is a µ-accurate approximation toP (α), that is

Pµ(α) ≤ P (α) ≤ Pµ(α) +
1

2
µS(t− 1). (21)

This result is a special case of Nesterov’s approximation theorem [9] [Equation 2.7]. See proof in

Appendix C in the supplemental material.

Theorem 2. The functionPµ(α) is convex and continuously differentiable. Moreover, its gradient∇Pµ(α) =
∑S(t−1)

i=1 W T
i vi(α) is Lipschitz continuous with constantLPµ

= 1
µ

∑S(t−1)
i=1 ‖Wi‖

2
2.

This result is a special case of Nesterov’s approximation theorem [9] [Theorem 1]. See proof in

Appendix D in the supplemental material.

E. Out-of-Sample Classification Rules

For unseen testing data such as a time sequence or a still (e.g., scenery) image, we extract frame-

wise or segment-wise feature vectors and arrange them in a temporally/vertically/horizontally ordered

way. We then calculate the reconstruction coefficients on the dictionary sequences using Algorithm 1.

We use the same classification criterion as in [7]. The input sequence will most likely receive strong

coding responses (reconstruction coefficients) from thoseclosely related dictionary sequences (i.e., of

the same class), and the reconstruction coefficients on the unrelated dictionary sequences will be likely

smaller. Therefore if we reconstruct the input sequence using only one dictionary sequence (or a subset of

dictionary sequences grouped by their corresponding classlabels), the reconstruction error on the related

sequence (or group) will most likely be smaller than that of the unrelated sequence (or group). Thus we

can use the reconstruction error to perform classification.The classification procedure is as follows.

Time Sequence Classification:We first arrange the dictionary sequences into groups according to the

class labels of the sequences. We denote byX(j) = [Xj1 ,Xj2 , · · · ] the set of dictionary sequences from the

j-th class. HereXji denotes thei-th sequence inX(j) that belongs to thej-th class, i.e.,j ∈ {1, · · · , C}

assumingC classes. Letα(j) denote the corresponding reconstruction coefficients forX(j). One can

approximate the input sequenceY by using only the optimal coefficients associated with thej-th class
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asX(j)α(j). Following [7], the predicted class label is the one with thelowest total reconstruction error:

jopt = argmin
j
‖Y −X(j)α(j)‖2F . (22)

Still Image Classification: We extract region-based features from the segmented image regions and

order them horizontally and vertically as sequencesY andY ′ respectively. Similarly, we denote byX(j)

andX ′(j) the sets of horizontally and vertically ordered dictionarysequences from thej-th class and

by α(j) and α′(j) the corresponding reconstruction coefficients forX(j) and X ′(j), respectively. The

predicted class label is the one with the lowest joint total reconstruction error:

jopt = argmin
j
‖Y −X(j)α(j)‖2F + ‖Y ′ −X ′(j)α′(j)‖2F . (23)

IV. EXPERIMENTS

To evaluate the effectiveness of our proposed method, we conduct experiments on multidimensional

time series classification on a synthetic dataset, three machine learning benchmarks, and a real-world

RGB-D human activity dataset. We also test our algorithm on ascenery image classification dataset.

We perform both qualitative and quantitative evaluations to demonstrate the effectiveness of the proposed

method on order preserving encoding. We also show the discriminative capability of the proposed method

by comparing it with other state-of-the-art algorithms fortime sequence and scenery image classification.

A. Synthetic Dataset

Consider the following eight polynomial functions:

f1(i) =
π

4
, f2(i) =

π

5
, f3(i) =

π

10
, f4(i) =

π

10
i, f5(i) =

π

10
(4− i),

f6(i) =
π

10
(i− 2)2, f7(i) =

2π

5
−

π

10
(i− 2)2, f8(i) =

π

5

∣

∣

∣
sin(

π

2
i)
∣

∣

∣
+

π

10
. (24)

From these functions, we generate eight length-5 two-dimensional time series

Xj =





sin(f j(0)) sin(f j(1)) · · · sin(f j(4))

cos(f j(0)) cos(f j(1)) · · · cos(f j(4))



 ,

j = 1, 2, · · · , 8. (25)

For each sequence, we add independent Gaussian noise samples with zero mean and variance0.2 at each

time stamp. We select the fourth sequence from the dictionary as the test time series input, i.e.,Y = X4.

Each dictionary sequence is labeled with a different class.

In our comparisons, we use a) sparse coding (SC) which computes reconstruction coefficients for each

frame of the input sequence individually; b) multitask group sparse coding (Group-SC) [7]; and c) the

March 18, 2014 DRAFT



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. XX, NO. XX, XXXX 2013 17

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

 

 

α1
i α2

i 

α3
i 

α4
i 

α5
i 

α1 α2 α3 α4 α5 α6 α7 α8 

α1 α2 α3 α4 α5 α6 α7 α8 

α1 α2 α3 α4 α5 α6 α7 α8 

(b) Group-SC 

(c) MTO-SC 

(a) SC 

α1 α2 α3 α4 α5 α6 α7 α8 

(d) ‘ideal’ order preserving 

coding coefficients 

Fig. 4. Reconstruction coefficients of the input time serieson the synthetic dataset using three algorithms: (a) sparsecoding;

(b) group sparse coding, and (c) Order-preserving sparse coding.

proposed order-preserving sparse coding method (MTO-SC).Reconstruction coefficients are shown in

Figure 4. We observe that the reconstruction coefficients from sparse coding are similar among different

dictionary sequences and therefore the representation is less discriminative. This is because sparse coding

does not utilize any structure information of either the dictionary or the input sequence. Moreover,

the reconstruction coefficients from multitask group sparse coding [7] are nonzero on few sequences.

However, without enforcing the temporal order constraint,dictionary sequences with similar individual

features but different ordering structures receive similar reconstruction coefficients, which results in

ambiguities. Since our method explicitly encourages temporal order preservation, the reconstruction

coefficients tend to follow the temporal ordering of the input sequence.

B. Machine Learning Benchmarks

We apply the proposed algorithm on three benchmark time series datasets:

• UCI Australian Sign Language signs (High Quality) Dataset[23]: It consists of2565 samples

of Auslan signs captured from9 native signers using high-quality position trackers. The dataset

contains95 different signs, with27 samples per sign. The average length of each sign is about60
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frames. Each frame is represented as a15 dimensional feature vector consisting of hand position

(X,Y,Z), roll, yaw, pitch, bend measurements of different fingers. For the ease of experiment, we

randomly selected4 subsets of the whole dataset with each subset containing20 categories, denoted

by AusLan1, AusLan2, AusLan3 and AusLan4, respectively.

• UCI Spoken Arabic Digits Dataset [24]: It contains time series of mel-frequency cepstrum coef-

ficients (MFCCs) corresponding to spoken Arabic digits. Thedataset includes data from44 male

and44 female native Arabic speakers, capturing8800 (10 digits×10 repetitions×88 speakers) time

series of13 Frequency Cepstral Coefficients (MFCCs). The average length of each sample is about

40 frames.

• CMU Motion Capture Dataset (CMU MoCap) [25]: We use the same subset as in [26] which

includes5 actions, i.e., jumping, golf swing, running, climbing and walking. The dataset contains

225 sequences with average length of300 frames. Each frame is represented by rotation angles of

11 joints and end points including head, shoulders, elbows, hands, knees and feet.

We randomly split each dataset into training and testing sets with equal size. The random split is

performed10 times and all the reported testing results are averaged overthe 10 random choices of the

training and testing partition. For each frame, we normalize the feature vector to be of unitℓ2 norm. We

compare our method (MTO-SC) (with testing time complexityO(n(t2SD + t
2
S2))) with the following

state-of-the-art time series classification methods:

1) Segmental Hidden Markov Model [11] (S-HMM). Its testing time complexity isO(m2t
3
SD), where

m denotes the number hidden states,t the average length of sequences,S the number of training

sequences, andD the dimensionality of the frame-wise features.

2) DTW-based decision tree method [13] (DTW-DT). Its testing time complexity isO(t2SD).

3) DTW-based distance embedding [14] (DTW-DE). Its testingtime complexity isO(t2SD).

4) Numerosity reduction based DTW [15] (NR-DTW). It is an accelerated version of DTW.

5) Multi-resolution symbolic representation [17] (MSR). Its testing time complexity isO(tDB+BS),

whereB denotes the codebook size.

6) Sparse coding performed for every individual input frame(SC) followed by majority voting. The

coding uses an APG-based optimization method similar to that of our MTO-SC algorithm. Its testing

time complexity isO(nt2SD).

7) Multitask group sparse coding [7] (Group-SC). Its testing time complexity is similar to SC.

8) Fused lasso method with the objective functionF (α) = 1
2

∑t
i=1 ‖yi −Xαi‖

2
2 + λ1

∑S
j=1 ‖α

j‖1 +
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λ2
∑S

j=1

∑t−1
i=1 ‖α

j
i −α

j
i+1‖1 and APG-based optimization method similar to that of our MTO-SC

algorithm. Its testing time complexity isO(nt2SD).

For all competing algorithms, their corresponding parameters (e.g.,λ1 andλ2 in MTO-SC, number of

hidden states for HMM and number of neighborhood samples forDTW, etc.) are set by cross-validation

on a validation subset sampled from the training data. For our MTO-SC algorithm, we also implement a

positivity correctionversion by setting the negative reconstruction coefficients to zero after each iteration

of Algorithm 1. We denote this version of our algorithm by MTO-SC(PC).

We implemented these algorithms using Matlab2010 on a2.63 GHz machine with8GB of memory.

Figure 5 shows several typical convergence curves of Algorithm 1 on the AusLan1 dataset. We note

that convergence is relatively fast. We empirically set themaximum number of iterations to200, since

for all experiments in this work the change in the objective function value becomes less than1% after

200 iterations. The average testing time per sample on the AusLan1 dataset for S-HMM, NR-DTW (the
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Fig. 5. Convergence curves of the MTO-SC algorithm on the AusLan1 dataset. From left to right: sample ID 10, 20, 30, and

40, respectively.

fastest DTW-based method among the three), MSR, SC, Group-SC, Fused Lasso and MTO-SC is3.5,

1.5, 2.8, 2.0, 2.2, 2.3 and 2.4 seconds, respectively. We see that MTO-SC is among the most efficient

methods in testing. For training, S-HMM, DTW-DT, DTW-DE, NR-DTW and MSR take about4, 13, 3,

2.5 and1.5 minutes, respectively, and the rest do not require training.

In Table I, we report the mean classification accuracies averaged over10 random splits with standard

deviations. We make two observations. First, MTO-SC achieves the highest classification accuracy, owing

to its ability to encode the temporal ordering structure fortime series classification. Second, thepositive

correction version MTO-SC(PC) has very similar classification performance to MTO-SC. Indeed, our

experimental results show that about90% learned coefficients by MTO-SC are non-negative. Therefore

the few negative values of the reconstruction coefficients do not affect the coding algorithm too much.
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TABLE I

CLASSIFICATION ACCURACY [MEAN(STD. DEV.)] FOR DIFFERENT ALGORITHMS ON DIFFERENT DATASETS.

Dataset AusLan1 AusLan2 AusLan3 AusLan4 ArabSpokenDigit CMU MoCap

S-HMM 75.46(1.39) 80.07(2.04) 82.30(1.77) 80.02(1.74) 54.30(1.37) 79.53(1.93)

DTW-DT 79.70(2.01) 82.73(1.98) 84.98(1.49) 83.76(1.91) 58.73(1.76) 82.97(1.64)

DTW-DE 79.93(1.49) 84.96(2.34) 85.41(1.84) 84.11(2.40) 59.60(2.40) 83.21(1.84)

NR-DTW 79.63(1.95) 85.43(1.91) 85.03(2.30) 83.09(2.21) 57.32(1.98) 83.60(1.28)

MSR 80.33(2.20) 89.77(1.35) 87.96(1.90) 85.98(1.90) 64.90(2.45) 85.36(1.92)

SC 83.09(1.89) 90.46(1.09) 90.00(1.66) 86.78(1.72) 45.98(2.10) 84.00(1.57)

Group-SC 84.19(1.76) 89.97(1.12) 91.50(1.89) 87.18(1.92) 46.04(1.99) 84.56(1.73)

Fused Lasso 86.57(2.05) 89.09(1.74) 92.31(1.69) 90.55(2.33) 62.74(2.85) 86.96(2.10)

MTO-SC 91.40(1.53) 96.73(1.80) 95.53(1.79) 92.45(1.81) 75.80(2.25) 92.65(1.09)

MTO-SC(PC) 90.84(1.80) 95.81(1.86) 95.80(1.96) 91.56(1.70) 76.50(2.40) 93.28(1.53)

We have also conducted an empirical study onhow well the proposed regularizer can preserve the

order. We calculate the percentage ofcorrectly ordered coding coefficient pairs, i.e.,wT
j α

j
i ≤ wT

j α
j
i+1,

over all pairsαj
i andαj

i+1. The percentage numbers from different regularization schemes on Auslan1

and ArabSpokenDigit datasets are compared in Figure 6. Compared with other regularizers (i.e., sparse

coding, fused lasso), the proposed regularizer produces more correctly ordered coefficient pairs, which

indicates our regularizer better preserves the order.

To evaluate algorithmic robustness, we also add Gaussian noise to the AusLan1 dataset with zero

mean and standard deviation in{0.1, 0.2, 0.3} in three different experiments. The classification results

are shown in Figure 7. Observe that our MTO-SC method is more robust than its competitors.

We also perform a study on the effects of the weighting parameters λ1 and λ2 in our MTO-SC

algorithm. Figure 8 plots the classification accuracies on AusLan1 dataset by varying the values ofλ1

andλ2. We note that whenλ1 = 1.0 andλ2 = 0.01 our algorithm achieves the best performance. Too

large or small values for both parameters will decrease the classification accuracy, since in those cases

the weighting factors on sparsity and order preserving are not well balanced. Also it is noted that when

λ1 = 100 andλ2 = 0.001 the algorithm performance is very similar with that of groupsparse coding

as indicated in Table I, since the weighting factor for orderpreserving is much smaller compared to the

weighting factor for sparsity.
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Fig. 6. Percentage ofcorrectly ordered coding coefficient pairsfrom different coding algorithms on AusLan1 and

ArabSpokenDigit datasets.
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Fig. 7. Classification accuracies for different algorithmson the AusLan1 dataset under different noise conditions.

C. Human Activity Recognition

In this experiment, we use the RGB-D human activity dataset [27]. The video dataset is captured

using the Kinect sensor, which produces640× 480 color-depth image sequences with human 3D motion

sequences. Namely, each activity sample can be representedas a sequence of 3D joint positions (or

angles), similar to those in the CMU MoCap dataset. The dataset consists of five scenarios: office,

kitchen, bedroom, bathroom, and living room. Three to four common activities were identified for each
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Fig. 8. Classification accuracies of MTO-SC algorithm with different λ1 andλ2 values on AusLan1 dataset.

TABLE II

CLASSIFICATION ACCURACY (%) ON RGB-D HUMAN ACTIVITY DATASET .

Method S-HMM DTW-DT DTW-DE NR-DTW MSR SVM

Accuracy 55.78 58.71 57.66 57.02 60.34 50.67

Method MEMM HMEMM SC Group-SC Fused Lasso MTO-SC

Accuracy 61.98 63.75 59.60 58.73 60.95 65.32

location, and a total of twelve unique activities were collected from4 subjects (with an additionalneutral

activity category). We use similar feature representation as in [27], where each frame is represented as

a combination of body pose, hand position, motion information and object contextual information. We

use the leave-one-subject-out scheme, thus subjects in thetesting samples do not occur in the training

samples. We compare the multiclass classification accuracies for various algorithms including the proposed

MTO-SC method, the time series classification methods compared in the previous experiment and SVM,

One-level MEMM and hierarchical maximum entropy Markov model, which are also evaluated in [27].

The classification accuracies are summarized in Table II andthe class confusion matrix for our method

is illustrated in Figure 9. We observe that our method outperforms the other methods.

D. Still Image Classification

We use the benchmark Scene-15 image dataset [33] for the scene classification experiment. Scene

images in this dataset such as landscape images and street view images have strong spatial ordering
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Fig. 9. Class confusion matrix for the proposed MTO-SC method on RGB-D human activity dataset. Acronyms for Action

Categories: RM: rinsing mouth; BT: brushing teeth; CL: wearing contact lens; CS: cooking (stirring); WW: writing on white

board; WC: working on computer; TP: talking on phone; RC: relaxing on a chair; OP: opening a pill container; DW: drinking

water; CC: cooking (chopping); TC: talking on a chair; NA: neutral activity.

structure information. Note that we do not perform experiments on general object image classification

datasets since general object images do not have apparent spatial ordering structures among image regions.

The Scene-15 dataset contains15 scenery classes and each class contains200 to 400 images for a total

of 4485 images. The scene categories are street, highway, coast, mountain, kitchen, bedroom etc. We

extract SIFT features [37] from densely located patches centered at every4 pixels on the images. The

size of the patches is fixed as16× 16 pixels. As in [33] [35], we randomly select100 images from each

class as training samples to construct a visual word dictionary containingK = 2048 words from the

training samples via k-means clustering. The random training and test data split is performed20 times

and we report the mean classification accuracy and standard deviation. SIFT features are encoded by:

1) sparse coding (SC) as in [35]; and

2) Laplacian sparse coding (LSC) as in [28].
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We segment each image using SLIC [38]. Each image is segmented into about20 regions on average.

We then perform max pooling for the encoded local SIFT features according to the trained dictionary

within each image region (segment). Each image region is represented by aK-dimensional feature vector

after pooling within the region. Thus an image is represented by a set ofK-dimensional feature vectors

and the size of the set equals the number of image segments. Wethen arrange these feature vectors

according to the spatial centers of the image segments, resulting horizontally and vertically ordered

testing sequencesY andY ′, respectively. The dictionary sequences are constructed in the same manner.

The results for our method are denoted by MTO-SC and MTO-LSC respectively, according to whether

the segment based features are pooled by the sparse coding (SC) or the Laplacian sparse coding (LSC)

method. The baseline methods that perform sparse coding foreach segment independently are called

SC/LSC-Seg accordingly.

Figure 10 shows the recognition accuracy comparison for each class in the Scene-15 dataset, using 1)

sparse coding for each segment based feature independently(denoted as SC-Seg) and 2) our proposed

MTO-SC that encourages spatial order preserving for the encoded coefficient for different image segments.

We observe that MTO-SC consistently outperforms SC-Seg forall classes. This is because SC-Seg does

not consider the ordering structure. We also note that usingMTO-SC, the highest improvements are

attained for image classes such asstreet, coast, highway. This is because images in these classes have

strong spatial ordering structures. This observation shows that our encoding method effectively encourages

spatial ordering structure preserving.

suburb coast forest highway insidecity mountain opencountry street tallbuilding office bedroom industrial kitchen livingroom store
0.4
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Fig. 10. Recognition accuracy comparison for different classes using SC and MTO-SC methods on Scene-15 dataset.
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To directly visualize the advantages of our ordering structure preserving encoding scheme, we show

the encoding coefficients for two example test images in Figure 11. The settings are as follows. We

use one image as the testing image; and then one image from thesame class and two images from

other classes (with similar visual elements) as the dictionary images. We perform image segmentation,

segment based feature extraction, reconstruction and classification for the test image by SC-Seg and

MTO-SC respectively. The arrows from the test image segments to dictionary image segments represent

non-zero coding coefficients (after thresholding out smallnoisy values). From these two examples, we

see that using the proposed MTO-SC method, the coding coefficients preserve fairly well the spatial

ordering structure of the image segments for the test image.In contrast, ignoring this important ordering

structure and performing sparse encoding independently for each image segment encourages matching

the testing segments with the dictionary segments only based on visual similarity. For example,sky is

encoded to matchgrass, seais encoded to matchcloud, and thefacadeof the building along the street

is encoded to match thefacadeof other buildings that do not belong to the street class.

To quantitatively demonstrate the discriminative power ofour method, we further compare the recog-

nition accuracies with state-of-the-art image classification methods:

1) the spatial pyramid matching kernel method (KSPM) in [33];

2) the sparse coding + spatial pyramid matching method (ScSPM) [35];

3) the latent pyramidal regions method (LPR) in [29];

4) the dense spatial sampling method (DSS) in [32];

5) the locally linear encoding method (LLC) in [34];

6) the linear distance coding method (LSA) in [36];

7) the histogram of oriented p.d.f gradients method (HOPDFG) in [31];

8) the smooth sparse coding method (SSC) in [30];

9) the Laplacian sparse coding method (LSC) in [28]; and

10) sparse coding for each segment based feature independently (denoted as SC/LSC-Seg).

We directly report the published results for these state-of-the-art methods as all methods follow the same

experimental settings. Comparisons in terms of average accuracy and standard deviation from multiple

runs are summarized in Table III. We see that 1) both MTO-SC and MTO-LSC significantly outperform

their competitors, namely, MTO-SC outperforms SC-Seg as78.5 → 85.9 and MTO-LSC outperforms

LSC-Seg as86.3→ 91.4, respectively; and 2) MTO-LSC outperforms all these state-of-the-art methods.

The second best performance is obtained by the SSC method [30], but this method uses4096 visual
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dictionary: ‘insidecity’ 

dictionary:‘insidecity’ 

testing:‘ street’ 

dictionary: ‘street’ 

Method: MTO-SC 

dictionary: ‘insidecity’ 

dictionary: ‘insidecity’ 

testing: ‘street’ 

dictionary: ‘street’ 

Method: SC-Seg 

dictionary: ‘coast’ 

testing: ‘coast’ 

dictionary: ‘highway’ 

dictionary: ‘opencountry’ 

Method: MTO-SC 

dictionary : ‘coast’ 

dictionary: ‘opencountry’ 

dictionary: ‘opencountry’ 

testing: ‘coast’ 

Method: SC-Seg 

Fig. 11. Coding coefficients for example testing images (upper row and lower row). Arrows show non-zero coding coefficients.

Left: using the proposed MTO-SC method; Right: using SC method, i.e., each segment of the testing image is sparsely

encoded independently. We see that using MTO-SC, the codingcoefficients well preserve the spatial ordering structure of

the image segments for the testing image. In contrast, ignoring this important ordering structure and performing sparse encoding

independently (SC-Seg) for each image segment encourages matching the testing segments with the dictionary segments only

based on visual similarity. For example,sky is encoded to matchgrass, sea is encoded to matchcloud, and thefacadeof the

building along the street is encoded to match thefacadeof other buildings that do not belong to the street class. Best view in

color.

words and ours only2048.

V. CONCLUSIONS

We have proposed an order-preserving sparse coding scheme for time series and still image classifica-

tion. To this end, we have derived an order-preserving regularization framework. An efficient approximate

optimization method for coding is proposed and a guaranteederror bound is derived. Comprehensive
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TABLE III

CLASSIFICATION ACCURACY (%) COMPARISON ONSCENE-15 DATASET.

Algorithm Accuracy Algorithm Accuracy

KSPM [33] 81.4 ± 0.5 HOPDFG [31] 85.6 ± 0.7

ScSPM [35] 80.3 ± 0.9 SSC [30] 90.2 ± 2.9

LPR [29] 85.8 LSC [28] 89.8 ± 0.5

DSS [32] 88.0 ± 0.6 SC/LSC-Seg 78.5 ± 0.6/86.3 ± 0.5

LLC [34] 79.8 ± 0.4 MTO-SC 85.9± 0.5

LSA [36] 82.5 ± 0.5 MTO-LSC 91.4± 0.4

experiments on sign language recognition, spoken digit recognition, human action recognition and scene

classification show that our encoded coefficients well preserve the ordering structure of the input sequence.

The encoded representation is discriminative and robust, and it outperforms state-of-the-art methods for

both classification tasks.
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