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Abstract—Image correspondence problem is very challenging
due to the complexity of real-world scenes, especially in the
presence of deformation, outliers, and other intra-class variations.
Semantic flow methods are used for finding image correspondences, but the prevalent ones are mainly depended on pixellevel or regularly local-region sampled operation that are easily
confused by image-specific details and element-specific scenes to
individual objects, e.g. background, clutter, and they rarely care
about the relationships between proposals.
Therefore, we propose an advanced local offset matching
strategy for object proposals, which is in term of naive Bayesian
model, considering both appearance and the local spatial pattern
with preprocessing. It not only builds reliable region relationships
using object proposals, but also explores consistency between
appearance and spatial pattern among proposals. In addition,
two evaluation metrics, seven features are applied to experiments.
The comparison and analysis, along with adequate experiments
on standard benchmark, present that our proposed method
effectively outperforms other matching strategies in diverse
settings.
Index Terms—image correspondence, semantic flow, Bayesian
model, object proposal, proposal matching

I. I NTRODUCTION
Correspondence problems involve a wide range of issues
in computer vision. And estimating image correspondences
plays a crucial role in various applications, e.g. correspondence
matching [1] and optical flow [2]. Semantic flow approaches
are designed for describing different instances of the same
scene category or object, dealing with higher degree of variability in both appearance and layout such as [3]. Though
widely-used in many tasks, such as scene understanding,
semantic segmentation, scene recognition, etc, the existing
methods suffer from the ever-changing variations of shape,
background and layout as well as appearance that make
their similarity measures confused and depressed during the
matching process. Meanwhile, the local spatial pattern is less
considered.
Unlike prevailing semantic flow methods, we use a preprocessing that wipes off non-essential proposals. In particular, we
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Fig. 1. The proposed method (d) is robust to create semantic flow using both
local and global consistency, meanwhile, it can also be easily transformed into
dense field (b) by [5]. (Best viewed in color)

build reliable correspondences of regions on prominent objects
and scene elements by exploiting their features and spatial
relations via Bayesian model and object proposals in a robust
and effective manner. And the object proposals, originally
regarded as candidate matching regions in object detection,
are used to eliminate false alarms and reduce the search space.
However, they have been rarely involved in matching issues.
Methods in [4], [5] first explore and show that object proposals
are useful for proposal matching (region-based matching).
Therefore, we propose an advanced local offset matching
strategy for object proposals (Fig.1) to solve these problems.
Instead of paying attention to individual objects and distracting
details, we focus on building reliable region correspondences
to hold prominent objects or scene elements. The proposed
method can also be effectively transformed into a conventional
dense flow field by [5]. Overall, three main contributions are
presented in this paper:
•

•

•
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(a) Input images

An advanced local offset matching (ALOM) strategy
for object proposals is proposed, which could generate
region-based semantic flow and concentrates on regions
containing prominent objects through a Bayesian model.
The proposed method is easily to combined with various
object proposals to establish reliable region correspondences between proposals in related scenes or instances.
We construct both singles features and rich features to
evaluate effect of different features.
The comparison, along with a cloud of object proposals
VCIP 2016, Nov. 27 – 30, 2016, Chengdu, China

and evaluation metrics included, demonstrates the advantage of our method over other state-of-the-art proposal
matching strategies.
II. P ROPOSAL M ATCHING S TRATEGIES
In this section, a Bayesian model is presented for proposal
matching. Then, our method ALOM for proposal matching is
introduced in detail. Our approach can use any type of object
proposals as candidate regions for matching two images of
related scenes or instances.
A. Standard Bayesian Formulation
Suppose that there are two sets of object proposals R1
and R2 extracted from images I1 and I2 , respectively. A
object proposal, being represented by appearance feature f
and spatial pattern s, is a region of an image, or something
like a rectangular box in an image, denoted as r = (f, s). In
this context, the appearance features are made of two kinds of
features, single features (e.g. LBP [6], HOG [7], SPM [8],
ConvNet [9]) and rich features (fusion of single features),
which will be explained in detail in next Section. As for spatial
pattern, it depicts the set of all pixel positions in a proposal.
We assume that feature matching is independent of D, and
by giving the data D = (R1 , R2 ), the goal is to estimate the
similarity degree between proposals r1 in R1 and r2 in R2 , or
to say the posterior probability of proposal matching between
r1 and r2 . Then, the formulation can be expressed as follows:
p(r1 , r2 |D) = p(f1 , f2 )p(s1 , s2 |D).

r2 ∈R2

Though Hough voting here takes global consensus into consideration, it is disturbed by background clutter and other intraclass variations.
Local offset matching (LOM) [5]. This strategy handles
with outlier regions better. Instead of averaging the first term
in Eq.(4), it adopts reliable offset optimized for each proposal,
or rather, estimates outliers in terms of neighborhood of r1 .
The neighborhood N (r1 ) is defined as N (r1 ) = {re1 |s1 ∩ se1 6=
∅, re1 ∈ R1 }, and then its offset space is X(r1 ) = {φ(se1 ) −
φ(se∗1 )|re1 ∈ N (r1 )}. The local offset x(r1 ) of the proposal r1
is mearused by the geometric median as follows:
X
x(r1 ) = arg min3
||x − y||2 ,
(6)
x∈R

y∈X(r1 )

which is optimized by iteratively re-weighted least squares of
Weiszfeld’s algorithm. Finally, the spatial pattern term can be
estimated by l(s1 , s2 |D) as a proxy for p(s1 , s2 |D):
X
l(s1 , s2 |D) = p(s1 , s2 |x(r1 ))
p(fe1 , m(fe)∗ ), (7)
e
(r1 )∈N (r1 )

(2)

B. Proposal Matching Strategies and the Proposed Method
Three matching strategies are presented in different form of
spatial patterns p(s1 , s2 |D) with naive appearance matching
(NAM) being a baseline.
Naive appearance matching (NAM). This is the basic
method with appearance feature term only, which assumes
that the distribution of spatial pattern is uniform. Thus, the
matching score and appearance feature are in proportional
relationship, which can be described as:
p(r1 , r2 |D) ∝ p(f1 , f2 ).

(r1 ,r2 )∈D

(1)

The best match m(r1 )∗ for each proposal in R1 can be
obtained according to matching score evaluated by posterior
probability of matches, which is defined as:
m(r1 )∗ = arg max p(r1 , r2 |D).

proposals. The second item is replaced by a generalized Hough
transform score, which use individual voting strategy for each
x to match as the following:
X
p(x|D) = h(x|D) =
p(f1 , f2 )p(s1 , s2 |x).
(5)

(3)

Probabilistic Hough matching (PHM) [4]. This method
introduces a spatial pattern in the form of a three-dimension
geometric vector φ composed of center position and scale.
Next, an offset space is defined as X = {φ(s1 ) − φ(s2 )|r1 ∈
R1 , r2 ∈ R2 } to evaluate between vectors. Then the spatial
pattern term p(s1 , s2 ) can be written as:
X
p(s1 , s2 |D) =
p(s1 , s2 |x)p(x|D),
(4)
x∈X

where the first item is measured by a Gaussian kernel in threedimensional space, revealing the consistency of offset between

which indicates that if r1 in R1 matches to r2 in R2 well,
their offset will be close to x(r1 ).
Advanced local offset matching (ALOM). Our method,
advanced local offset matching (ALOM) algorithm, congregates the virtues of PHM and LOM that capitalizes on
constraints of both local and geometric consistency among
proposals. For initial correspondence r∗ , we create the best
matches according to PHM as a preprocessing. Then, we
union the thought of LOM that considers the neighborhood
influence to estimate the outliers and background clutters. The
proposed method is presented in Algorithm 1. Our solution is
dependable and comprehensive, taking both feature appearance
and spatial pattern into consideration. It not only smoothes
local offsets between neighbor regions, but also prefers objects
rather than parts of objects in proposal matching process. The
matching results are preferable to highest-score matches.

Algorithm 1 : Advanced Local Offset Matching (ALOM)
Input:
object proposals r1 and r2
Output:
matching score m(r1 )∗
∗
1: Generate initial correspondence m(r) via PHM; (Eq.5)
2: Form neighbor offsets X(r) through each neighbor region r
e
3: while x doesn’t converge do
Pm
Pm
xj ·wi
wi
4:
y(i+1) = ( j=1 ||x −y || )/( j=1 ||x −y
)
j
i
j
i ||
P
5:
x(r1 ) =
||x − y||2 Eq.(6)
6: end while
7: Calculate spatial pattern term l(s1 , s2 |D) according to Eq.(7)
8: Calculate posterior probability p(r1 , r2 |D) according to Eq.(1) and Eq.(2)
∗
9: Return m(r1 )
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Fig. 2. Top: Evaluations on PF dataset of region matching precision (PCR) and match retrieval accuracy (mIoU@k) with SS. Middle: AuCs for PCR and
mIoU@k of HOG. Bottom: Matching methods integrate with the HOG and RP. NAM and their true matches (j) is a baseline method without spatial pattern.
The proposed method shows the merit of combination of PHM (k) and LOM (i), which performs robust globally and locally. (Best viewed in color)
TABLE I
PCK COMPARISON FOR DENSE FLOW FIELD ON THE PF DATASET
Method
Feature
NAM
PHM
LOM
ALOM

LBP
0.46
0.53
0.46
0.55

SPM
0.60
0.61
0.59
0.62

EB
HOG
0.68
0.65
0.66
0.63

ConV
0.57
0.56
0.58
0.57

LBP
0.58
0.60
0.53
0.62

SPM
0.48
0.62
0.64
0.67

MCG
HOG
0.62
0.68
0.72
0.69

ConV
0.58
0.57
0.61
0.60

III. E XPERIMENTAL R ESULTS
In this section, PF dataset [5] is used to evaluate and
analyze. PF dataset, as a novel dataset of 10 sub-classes for
proposal matching and semantic follow, is built on ground
truth object bounding boxes and key point annotations with
dense correspondences. Images in PF dataset involve more
clutter and variations than the existing datasets. Four different
matching algorithms (NAM, PHM, LOM, ALOM) are compared with various object proposals and features.
A. Evaluation criteria
Features and similarity. Four popular single feature descriptors and three rich features are evaluated in this paper,
namely, LBP [6], HOG [7], SPM [8], ConvNet [9], RICH1
(LBP and HOG), RICH2 (LBP and SPM), RICH3 (SPM and
HOG). As for LBP, the features are extracted in a 3 × 3 cell
with normalization and no mapping. For HOG, the features

LBP
0.49
0.58
0.52
0.61

SPM
0.54
0.67
0.63
0.70

RP
HOG
0.72
0.75
0.76
0.77

ConV
0.60
0.68
0.66
0.72

LBP
0.59
0.60
0.58
0.63

SPM
0.52
0.65
0.65
0.73

SS
HOG
0.68
0.76
0.78
0.79

ConV
0.59
0.69
0.68
0.74

are extracted in a 8 × 8 cell and 31 orientations are assigned
with whitening process. For SPM, the pooling is used in 1 × 1
and 3 × 3 regions, and the similarity is measured by the χ2
kernel. For ConvNet features, we use the 4th convolutional
layer in AlexNet. The similarity metric of features except
SPM, is computed by the dot product. For rich features, they
are made of two single features except ConvNet, respectively.
The purpose of constructing rich features is to seek more
differences among features.
Object proposals. Seven state-of-the-art object proposal
techniques are included: selective search (SS) [10], randomized prim (RP) [11], EdgeBox (EB) [12], multiscale combinatorial grouping (MCG) [13], Uniform sampling (US), Gaussian
sampling (GS) and sliding window (SW) with the last three
baseline proposals contained in [14]. For convenient and fair
comparison, 1000 proposals are extracted for matching.
Referring to evaluation metrics, generally, they are built on

the intersection over union (IoU) score between the correspondence of r and its ground truth g(r):

could greatly improve the matching results with highest true
matches.
Tab. I illustrates the average PCK with τ = 0.2 over all
IoU (m(r1 )∗ , g(r)) = |m(r1 )∗ ∩ g(r1 )|/|m(r1 )∗ ∪ g(r1 )|, (8)
classes. In a word, the proposed method is robust to translation
where g(r1 ) denotes the ground truth of r1 . Here, we use and deformation between objects in most cases, especially in
two evaluation metrics similar to [5] for proposal matching RP and SS object proposals. Since the object proposal EB,
MCG, RP and SS perform better than other three matching
performance (Fig 2)(a-f).
Region matching precision. Region r is correctly matched algorithms in Fig. 2(i-l), we here list the PCK results of them.
to its ground truth g(r) if 1 − IoU (c(r), g(r)) < τ , as the And for rich features, they sometimes perform similar to single
probability of correct region (PCR) metric that is conventional features and are not listed here.
point-based. The threshold τ is varying from 0 to 1. The PCR
IV. C ONCLUSION
metric, being a significant property of matching, proves the
In
this
paper,
we
propose
an advanced local offset matching
accuracy of overall matching results. In the case of pixel-based
strategy
for
object
proposal
named
ALOM, which can use any
flow, the probability of correct key point (PCK) is accepted
type
of
object
proposals.
Meanwhile,
we use not only single
instead of PCR and the predict is affirmed to be correct if
features
but
also
rich
features
to
evaluate
their affects on PF
key points of ground truths lie within τ · max (h, w) pixels of
dataset.
The
proposed
method
congregates
the
virtues of PHM
predicted points (Tab I).
and
LOM.
On
one
hand,
it
considers
both
global
and local
Match retrieval accuracy. We adopt the average IoU of
spatial
patterns,
eliminating
disturbed
variations
to
a certain
k-best matches (mIoU@k) in terms of the matching score.
extent,
on
the
other
hand,
it
keeps
balance
between
accuraWith the varying number of k top matches. The mIoU@k
cy
and
reliability
(Fig
2(a-h))
by
considering
co-occurrence
metric is evaluated in matching selection to reveal the essential
and overlap of the proposals. The experiments substantially
reliability of matching scores.
demonstrate that the proposed approach is superior to other
B. Discussion
strategies and shows robust performance, especially for images
Fig. 2(a-f) demonstrates the matching accuracy and retrieval with significant clutter and intra-class variations.
performance of all images in PF dataset via SS object proposal
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