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Abstract. An image sequence-based framework for appearance-based
object recognition is proposed in this paper. Compared with the meth-
ods of using a single view for object recognition, inter-frame consistencies
can be exploited in a sequence-based method, so that a better recog-
nition performance can be achieved. We use the nearest feature line
method (NFL) [8] to model each object. The NFL method is extended in
this paper by further integrating motion-continuity information between
features lines in a probabilistic framework. The associated recognition
task is formulated as maximizing an a posteriori probability measure.
The recognition problem is then further transformed to a shortest-path
searching problem, and a dynamic-programming technique is used to
solve it.

1 Introduction

Appearance-based methods [2][9][10][12][13][14][15][19] emphasize the use of
view-based representations of objects, which are constructed from a set of views
of an object in a pre-processing (or learning) stage, for object recognition or
tracking. The collection of views is usually recorded in a compact way through
principle component analysis (PCA) [10][12], support vector machine (SVM)
[13][14] or neural networks [15][19]. In the past, Murase and Nayar [10] observed
that all the training feature vectors (e.g., vectors in association with a PCA
representation) of an object consist of a manifold in the feature space. They
approximated the manifold by using a spline interpolation for the feature vec-
tors of a set of sampled views. In addition, Roobaert and van Hulle [14] used
SVM and Roth, Yang and Ahuja [15] used sparse network of winnows (SNoW)
for modelling the sampled views. Appearance-based techniques can also be used
for recognizing objects in a cluttered environment [12][13] and for tracking long
image sequences or sequences across views [2].

Object recognition via linear combination [16][8][1][17] is an interesting and
informative concept received considerable attentions in recent years. In [16], Ull-
man and Basri demonstrated that the variety of views depicting the same object
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under different transformations can often be expressed as the linear combination
of a small number of views, and suggested how this linear combination property
may be used in the recognition process. In [17], Vetter and Poggio proposed a
method based on linear object classes for synthesizing new images of an object
from a single 2D view of the object by using corresponding feature points. In
addition to recognizing or synthesizing views of different poses, linear combi-
nation has also been shown very useful for visual recognition or view synthesis
under different illumination conditions. For example, Belhumeur and Kriegman
[1] have shown that a new image under all possible illumination conditions can
be expressed as a linear combination of some basis images formed by a convex
polyhedral cone in Rn if the illumination model is Lambertian.

Recently, a linear method called the nearest feature line (NFL) was proposed
for object recognition [8][7]. It uses the collection of lines passing through each
pair of the feature vectors belonging to an object to model appearances of this
object. Instead of using splines [10], the NFL method uses a linear structure to
represent the appearance manifold, which has a close relationship with the linear-
combination approaches mentioned above. In essence, infinite feature vectors
of the object class can be generated from finite sample vectors with the NFL
method. Note that NFL can be treated as an extension of the nearest-neighbor
(NN) method, and it has been theoretically proven that the NFL method can
achieve a lower probabilistic error than NN when the number of available feature
points for each object class is finite and the dimension of a feature space is high
[20]. An experimental evaluation of the NFL method in image classification and
retrieval was given in [7], which shows that it can make efficient use of knowledge
about multiple prototypes of a class to represent that class.

In this paper, a framework for sequence-based object recognition is proposed
by employing the concept of feature lines. In particular, by further considering
inter-feature-line consistencies, our method can use several images of an object
as the training input for building an image-sequence-based recognition system.
More specifically, the database built in our work contains information about
possible moves between views in the database. Therefore, it contains much more
information than an unordered set of views, and our method would only be
applicable to problem domains where this information is available. The main idea
of our method is that it tries and finds objects that not only match the individual
images, but also makes sure that the sequence of views in the query could match a
similar sequence of views in the database. In other words, the input database does
not consist of isolated example images; but rather that these images are related
to each other via motion consistency. Hence, our method would work much better
as more images are added, which means that the performance improvement over
adding more images would be relatively better for this method than for other
methods. In our framework, a recognition task is formulated as a problem of
maximizing an a posteriori probability measure. This problem is further reduced
to a most-probable-path searching problem in a specially designed graph, which
can be effectively solved with dynamic programming.

This paper presents a general framework for sequence-based object recog-
nition, which can be used for real-world applications such as face recognition.
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For example, by incorporating our recognition method with existing face de-
tection and tracking algorithms [4][18], this framework can be used to achieve
sequence-based face recognition for person identity verification. The remainder
of this paper is organized as follows. In Section 2, we present a probabilistic for-
mulation for sequence-based object recognition by employing inter-feature-line
consistencies. Section 3 gives the main algorithm of this paper. Some experimen-
tal results are shown and discussed in Section 4. Finally, we make conclusions in
Section 5.

2 Object Recognition by Using Inter-feature-Line
Consistency

In the following, we will first review the nearest-feature-line (NFL) method [7][8]
in Section 2.A. Then, we will characterize inter-feature-line consistencies formu-
lated in our work in Section 2.B.

2.1 Approximate Manifold with Feature Lines – An Introduction

Assume that we have M objects, and let Xc = {xc
i |i = 1, . . . , Nc} be a set of

Nc training feature vectors belonging to object c, c = 1, 2, . . . , M . A feature line
(FL) xc

ix
c
j (i �= j) of object c is defined as a straight line passing through xc

i and
xc

j . A FL space of object c is denoted by Sc = {xc
ix

c
j |1 ≤ i, j ≤ Nc, i �= j}, where

xc
ix

c
j = xc

jx
c
i , 1 ≤ i, j ≤ Nc, and the number of feature lines in Sc, denoted by

Kc, is Nc(Nc−1)
2 . When there are M classes in the database, M such FL spaces

can therefore be constructed, composed of a total number of Ntotal =
∑M

c=1 Kc

FLs. Let Γ = S1 ∪S2 ∪ . . .∪SM be the collection of all Ntotal feature lines. The
FL distance from a query q to some feature line xixj (i �= j) is defined as

d(q,xixj) = ||q − p|| (1)

where ||.|| is the 2-norm and p is the projection point of the query q onto xixj .
The projection point p can be computed as p = xi +µ(xj −xi) and the position
parameter µ ∈ R is

µ =
(q − xi)t(q − xi)

(xj − xi)t(xj − xi)
. (2)

Figure 1 (a) illustrates FLs and FL distances. Note that when 0 ≤ µ ≤ 1, p is
an interpolating point between xi and xj . Otherwise, p is a extrapolating point
either on the xi side (when µ > 1) or the xj side (when µ < 0). NFL recognizes
q as object c∗ by computing the minimal FL distance between all features lines
contained in Γ as shown below.

d(q,xc∗
i∗ xc∗

j∗) = min
1≤c≤M

min
xc

ix
c
j∈Sc

d(q,xc
ix

c
j)

= min
xc

ix
c
j∈Γ

d(q,xc
ix

c
j)

(3)
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Fig. 1. (a)The concepts of a FL xixj and the FL distance from a query x to xixj .
(b)The concept of neighboring FLs. The feature lines drawn with dash lines are neigh-
boring FLs of xc

uxc
w

.

2.2 Inter Feature-Line Consistencies

In essence, the NFL method [8][7] only uses the distance-from-manifold infor-
mation for object recognition. In our framework, we further extend the NFL
method to a new one where inter-feature-line consistencies are incorporated by
using the concept of neighboring FLs. Given a feature line xc

uxc
w, we denote

Ψc,u,w = {xc
uxc

w} ∪ {xc
uxc

w1
| 1 ≤ w1 ≤ Nc, w1 �= u, w1 �= w} ∪ {xc

u1
xc

w| 1 ≤
u1 ≤ Nc, u1 �= w, u1 �= u} to be the set of its neighboring FLs. An illustration
of neighboring FLs is shown in Figure 1(b). The number of neighboring FLs of
xc

uxc
w is therefore equal to 2Nc − 3.
Let Λq = {q0,q1 . . . ,qL} be a sequence of L + 1 views. In addition, let

Ψ = {li ∈ Γ |i = 0, 1, . . . , L} be a set of L + 1 FLs where each qi matches its
projection point pi on li. We recognize Λq by finding Ψ∗ that maximizes the
following a posteriori probability:

Ψ∗ = arg max
Ψ

P (Ψ |Λq)

= arg max
Ψ

P (l0, . . . , lL|q0, . . . ,qL)

= arg max
Ψ

P (q0, . . . ,qL|l0, . . . , lL)P (l0, . . . , lL)

= arg max
Ψ

P (l0)P (q0|l0)
∏

i=0,... ,L−1

P (li+1|li)P (qi+1|li+1),

(4)

where the last equality holds by assuming that
(i) P (qi|li), i = 0, . . . , L are independent of each other, and
(ii)P (l0, . . . , lL) can be modelled by a first-order Markov chain. That is,

P (li|li−1, li−2, . . . , l0) = P (li|li−1) for all i = 1, . . . , L.
To evaluate (4), the transition probabilities between the feature lines li and

li+1, P (li+1|li), i = 0, . . . , L− 1, and the likelihoods P (qi|li), i = 0, . . . , L, have
to be specified. First, we can see that P (qi|li) is a probability measure in asso-
ciation with the similarity between yi and qi, where yi is the projection point
of qi onto li. Hence, P (qi|li) can be set as being decreased with ||qi − yi||, the
distance between the observation qi to its projection point yi. We thus refer this
probability to as the probability caused by the distance from appearance mani-
folds (PDAM). Second, because the image sequence to be recognized consists of
consecutive views of an object, P (li+1|li) is larger when li+1 is a more reasonable
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consequent of li by considering motion continuity. We refer P (li+1|li) to as the
probability caused by motion continuity (PMC). Nevertheless, note that here the
concept of ”motion continuity” has nothing to do with velocity or rotation, but
rather only whether the relationship between images in the database matches
the relationship between two images in the query.

3 Probabilistic Framework and Main Algorithm

3.1 Probability Distribution Setting for PDAM and PMC

To evaluate (4), we make the following assumptions:
First, the PDAM is modelled as a Gaussian distribution, P (qk|xc

uxc
w) =

exp(−d2
c;u,w;k/2σ2)/Z, where σ is a chosen constant, Z is a normalization con-

stant which normalizes P (qk|xc
uxc

w) to be a probability density function, and

dc;u,w;k = d(qk,xc
uxc

w), (5)

for k = 0, . . . , L, c = 1, . . . , M, 1 ≤ u, w ≤ Nc and u �= w.
Second, let the PMC be defined as follows:

P (li+1|li) =

{
0; If li+1 is not a neighbor of li,

1
N(li)

; Otherwise.
(6)

where N(li) = 2Nc − 3 is the number of neighboring FLs for li.
Third, we assume equal priori probabilities for all the FLs by setting P (l) =
1/Ntotal for l ∈ Γ .

Taking a natural log of (4), the following formulation can be derived:

Ψ∗ = arg max
Ψ

ln
(
P (l0)P (q0|l0)

∏

i=0,... ,L−1

P (li+1|li)P (qi+1|li+1)
)

= arg min
Ψ

lnJ(Ψ ; Λq),

= arg min
Ψ

J(Ψ ; Λq),

(7)

where

J(Ψ ; Λq) 1 =

{
∞ if P (li+1|li) = 0; for some i ∈ {0, . . . , L − 1},∑L

i=0 d(qi, li)2/2σ2 − ∑L−1
i=0 ln(2Nc − 3) − lnNtotal; Otherwise.

(8)

From (7), to find Ψ∗ that maximizes the a posteriori probability is equivalent
to find Ψ∗ that minimizes the objective function J defined in (8). Note that
it is computationally intractable to use brute force for computing Ψ∗. In this
work, the PDAM and PMC are encoded in a matching graph, and dynamic
programming is adopted for solving this minimization problem.
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3.2 Construction of Matching Graph

We construct a graph G containing L + 1 levels. There are Ntotal nodes in
each level, where Ntotal is the total number of feature lines defined before. For
the k-th level, (k = 0, . . . , L), a number of Ntotal nodes, denoted by nxc

uxc
w;k,

c ∈ {1, 2, . . . , M} and u, w ∈ {1, 2, . . . , Nc}, are constructed in association with
it. In addition to these nodes, we also construct a source node n−1 and a sink
node nL+2. Then, some edges are constructed by connecting nodes in G as
follows. The source node n−1 and sink node nL+2 are fully connected to nodes
at level 1 and level L + 1, respectively. For each adjacent levels k and k + 1,
k = 0, . . . , L − 1, there is an edge e(xc

u1
xc

w1
;xc

u2
xc

w2
; k) linking nxc

u1
xc

w1
;k to

nxc
u2

xc
w2

;k+1 if xc
u1

xc
w1

∈ Ψc,u2,w2 , the set of neighbor FLs of xc
u2

xc
w2

. Figure 2
shows an illustration of the graph G in association with the case in which there
are two objects and each object has four views. 
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Fig. 2. An example of a graph G that is constructed for the case of two objects, where
each object contains four views. There are therefore 6 = C4

2 FLs for each object

For each node nxc
uxc

w;k (except the source and sink nodes), a node score
sc;u,w;k is assigned to it by setting

sc;u,w;k = d2
c;u,w;k/σ2 (9)

This node score is used to encode the log likelihood of the PDAM in (8). In
addition, the scores of the source and sink nodes, s−1 and sL+2, are both set to 0.

Then, the cost of a node is defined from the principle of dynamic program-
ming as shown in the following. First, the cost of the source node, cost(n−1), is
set to zero. Then, the cost of each of the other nodes is defined recursively as

cost(nxc
uxc

w;k) = sc;u;w;k + min{cost(nxc
u′xc

w′ ;k′) | nxc
u′xc

w′ ;k′ ∈ Θc;u;w;k}; (10)

for k = 1, . . . , L + 2, c = 0, . . . , M and 0 ≤ u, w ≤ Nc. Note that Θc;u;w;k is the
set of nodes having edges linking to nxc

uxc
w;k.
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(a) (b)

Fig. 3. Coil-100 data set. (a) The 100 objects in the Coil-100 data set. (b) Some views
of ten of the objects shown in (a) (sampled by every 10o)

Each path starting from the source node and ending at the sink node repre-
sents a sequence of matches between a view belonging to Λq and a FL belonging
to Γ . The cost of the sink node, cost(nL+2), is then referred to as the minimal
cost, and it is easy to verify that cost(nL+2) = minΨ J(Ψ ; Λq) defined in (8).
The path associated with the minimal cost or, equivalently, the shortest path
from the source to the sink nodes, is then referred to as the matching (or opti-
mal) path in this work. The FL associated with nodes in G (except the source
and sink nodes) are then treated as a sequence of matched FLs of the sequence
of testing consecutive views, Λq, and the object represented by these FLs then
serves as the recognition result.

In our work, to avoid recursive programming, the Dijkstra algorithm [5] is
used to find the optimal path. For each node, an incoming edge with the lowest
accumulated cost is retained in our approach. After finding the best incoming
choice for all nodes, our process backtracks, from the sink to the source nodes,
to obtain the optimal path. Except for the source and sink nodes, each node
passed by the optimal path then represents a match between a view belonging
to Λq and a FL belonging to Γ .

4 Experimental Results and Discussions

4.1 Experimental Results

Coil-100 Object Recognition. The Coil-100 data set [11] was widely used
as an object-recognition benchmark [10][14][15]. In this data set, there are 100
objects and each object has 72 different views (images) that are taken every 5o

around an axis passing through the object. Each image is a 128x128 color one
with R,G,B channels. Figures 3(a) and 3(b) show these 100 objects and some
sampled views of ten of these objects, respectively.

We follow the experimental settings in [15], which used only a limited number
of views per objects for training. In our experiment, four different views per
object (0o, 90o, 180o and 270o) were used for training, as shown in Figure 4(a),
and the other 6800 (i.e., (72-4)*100=6800) images were used for testing. In other
words, for each object, 6 features lines can be constructed from its 4 training
views.
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(a)

(b)

Fig. 4. (a) All the training views used in the experiments. (b) The sequences of views
of the first object used in our experiment (with the lengths being 1 to 17)

In our experiment, the number of consecutive views (i.e., L + 1) used for
testing was set to be 1, 3, 5, . . . , 17. A sequence of consecutive testing views of
an object are shown in Figure 4(b). Note that when the number of consecutive
testing views is 1, our method degenerates to the NFL method with only a single
image as its input. For each number of consecutive testing views, the average
recognition error rate over 6800 tests was computed and recorded. Note that
the sets of training and testing views are disjoint in our experiment, and thus
the training views were dropped out when an image sequence was sampled for
testing.

In the first test, the input image format was set to be colored 16x16, which
is the same as that in [14], and the 16x16 image directly serves as the feature
vector. Figure 5 shows the experimental results by using our method. From
this figure, it can be seen that our method can considerably improve the recog-
nition performance of the NFL method as the number of consecutive testing
views is increased. To further show that our probabilistic framework can inte-
grate the consecutive visual clues better, two additional methods, NN-voting and
NFL-voting, which are simply extended from the nearest-neighbor and nearest-
feature-line methods to those employing image sequences by majority voting
(i.e., the identity of recognition is determined by which receiving the maximal
number of votes when every view in the sequence is independently recognized),
respectively. As shown in Figure 5, our method outperform either NN-voting or
NFL-voting because appearance-similarity and motion-continuity information is
appropriately exploited.

In the second test, we investigate how the recognition error rates of our
method can improve as more training images were added. In this test, 32x32
gray images from the same database were used, as those adopted in [15], and
the 32x32 image directly serves as the feature vector. We vary the number of
training views from 4 to 8 and Figure 6 shows these results. For example, when
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Fig. 5. Object recognition results using the same image format (i.e., color 16x16 im-
ages) as that in [14]. We compare our method (our) with nearest neighbor voting
(nn-voting) and nearest feature line voting (nfl-voting) methods
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Fig. 6. Object recognition results using the same image format (i.e., gray level 32x32
images) as that in [15].(a) 4 training views. (b) 6 training views (c) 8 training views

the numbers of training examples (FLs) increase from 4 (6) to 6 (15) and 8 (28),
the lowest recognition error rates decrease from 10.38% to 3.5% and 0.67%,
respectively. From these experimental results, it is shown that the performance
of the method would dramatically improve as more images are added. This
figure also shows that our method can greatly improve the single-view-based
NFL method and are better than the NN-voting and NFL-voting methods.

Face Recognition. We perform face recognition on a face-only database 2.
There are 1280 image of 128 persons, where each person has 10 images with
distinct poses or expressions per person. Each image size is normalized to be
32×32, which directly serves as the features being used. Figures 7 (a) and (b)
show all 128 persons and all 10 views of the first 5 persons in this face database.
In the following experiments, we use 5 different views (that is, 15 FLs) per person
in training as shown in Figure 7(c) (left part), and other (i.e., (10-5)*128=640)
images are used for testing. Hence, for each object, 15 features lines can be
constructed from its 5 training views. In addition, the number of consecutive
testing views is sampled from {1, 3, 5}. Some examples of sequences of three
views are shown in Figure 7(c) (right part).
2 This database can be download from http://smart.iis.sinica.edu.tw/html/face.html
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(a) (b) (c)

Fig. 7. A face-only database. (a) shows all 128 persons in this database. (b) shows all
10 views of the first 5 persons shown in the first row of (a) . (c) shows training views
(left part) and some examples of sequences of three consecutive testing views of these 5
persons (right part), respectively. Note that the training views are formed by collecting
faces in columns 1, 3, 5, 7 and 9 shown in (b).

Table 1 shows the experimental results using our method and the comparisons
between our method and NN-voting and NFL-voting. In addition, it also shows
that our method give the best performance.

Table 1. Performance comparison between our method (our) with nearest neighbor
voting (nn-voting) and nearest feature line voting (nfl-voting) methods on the face-
only database. Recognition error rates in % on different numbers of consecutive testing
views are shown. Our method gives the best performance.

Ours NN-Voting NFL-Voting
number of testing views (1) 5.31 6.71 5.31
number of testing views (3) 0.26 2.86 2.6
number of testing views (5) 0 1.55 1.56

4.2 Discussions

To our best knowledge, no image-sequence-based methods have been used for
testing these three databases in the past, and some existing results are introduced
in the following for comparison.

For Coil-100 database, the following results have been reported. When the
image format is colored 16x16, and the number of training views is four, the
PCA-and-Spline-Manifold [10] and the linear SVM method [14] achieved 12.4%
and 13.1% recognition error rates, respectively (the NFL method achieved 15.6%
in our testing). When the image format is 32x32 gray, the linear SVM method
[14] and the snow-with image method [15] achieve 18.4% and 21.5% error rates,
respectively (the NFL method achieved 25.3% in our testing). From Figures 5
and 6(a), it can been seen that our method can outperform the existing results
shown above when only 5 and 9 consecutive images of objects are used for colored
16x16 and 32x32 gray image formats (four training views), respectively. 3 For the
face-only face database, 13% recognition error rate can be achieved in [3] when
3 The above results were all tested based purely on image intensity information. Roth,

Yang and Ahuja [15] have further exploited edge information to achieve a better
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their method is tested on a part of this database (100 persons) and 6 images
per person are used as training images. From Table 1, it can been seen that our
method has lower recognition error rates even when only four training views are
used. The results reveal that the recognition performance can be considerably
upgraded by appropriately exploiting useful visual clues contained in an image
sequence.

Some further remarks are addressed below:
Remark 1 [Neighborhood Relationships]: Although each of our experiments
uses a database with a single linear sequence of views as the object rotates
about a single axis, other kinds of neighborhood relationships in the database
could be exploited. For example, our approach can also be used for the case that
a database contains views as the object is rotated about two axes [6]. In this
case, the neighborhood relationship is two dimensional but not one dimensional,
and our approach is still applicable for this case.
Remark 2 [Feature Selection]: Although raw data was directly used as feature
in our experiment, this is not the only choice. Our method can also use features
produced by feature-extraction or feature-generation processes such as principal
component analysis or linear discriminant analysis, and features generated in
such ways would have chance to be helpful for either the computational efficien-
cies or the recognition accuracies.

5 Conclusions

There are several characteristics of our framework for appearance-based object
recognition using a sequence of views. First, we emphasize inter-feature-line con-
sistencies. Second, we take both the probability caused by the distance from
manifold, PDAM, and the probability caused by motion continuity, PMC, into
considerations. Third, to handle the associated recognition problem, we construct
a matching graph in which PDAM and PMC are incorporated, and transform
this problem into a shortest path problem that can be effectively solved by using
dynamic programming. The experimental results on the Coil-100 data set and
the face-only database show that our method achieves high recognition rates for
object recognition and face recognition. Our method thus provides an effective
way for appearance-based object recognition using a sequence of views.
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error rate, 11.7%, in their snow-with-image-and-edge method. Our result is better
when the number of views in use is 15 without using edge information as shown in
Figure 5 (four training views).
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