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Abstract

This paper proposes a scene recognition strategy
that integrates the appearance based local SURF fea-
tures and the geometry based 3D ordinal constraint.
Firstly, we show that spatial ordinal ranks of 3D land-
marks are well correlated across large camera view-
point and view direction changes and thus serve as a
powerful tool for scene recognition. Secondly, ordinal
depth information is acquired in a simple and robust
manner when the camera undergoes a bio-mimic ‘Turn-
back-and-Look’(TBL) motion. Thirdly, a scene recogni-
tion strategy is proposed by combining local SURF fea-
ture matches and global 3D rank correlation coefficient
into the scene recognition decision process. The perfor-
mance is validated and evaluated over four indoor and
outdoor databases.

1 Introduction

The problem of scene recognition is defined as the
ability to recognize matches between an input query
(test) image and reference images in an image database.
It has important applications in robot visual navigation
[9] and image retrieval [10].

A successful scene recognition strategy should pos-
sess two crucial characteristics. Firstly, the strategy
should be robust to various types of image distortions
due to changes of viewpoint, view direction, illumina-
tion and even moderate change of the scene environ-
ment itself. Secondly, it should be able to reliably dis-
criminate dissimilar scenes. Unfortunately, these two
characteristics usually conflict each other — to achieve
better robustness, one has to sacrifice the algorithm’s
discrimination power and vice versa. Another impor-
tant issue is the generality of the recognition algorithm.
A general scene recognition strategy should be able to
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deal with both indoor and outdoor environments.

To deal with the dilemma, many researchers have
been combining the appearance based local feature in-
formation [8] [1] together with the geometry based
semi-local or global spatial information [2] [7]. Most
of the works are limited to 2D spatial configurations,
which are unreliable when the perspective effect is obvi-
ous. On the other hand, epipolar constraint and homog-
raphy seem to be the few 3D spatial constraints used
in feature point based scene recognition [4]. However,
these 3D constraints are computationally expensive and
not robust, especially when large number of mismatches
exist.

In this paper, we propose a scene recognition strat-
egy that integrates the appearance based local SURF
features [1] and the geometry based global 3D ordinal
constraint. In Sec.2, the 3D ordinal constraint based on
qualitative spatial information of the scene is proposed.
In Sec.3, ordinal depth is acquired in a simple and ro-
bust manner when the camera undergoes a bio-mimic
‘Turn-back-and-Look’ (TBL) motion. Sec.4 presents
the details of the scene recognition strategy. In Sec.5,
the performance is validated on four indoor and outdoor
databases. Results show that 3D ordinal constraint im-
proves the scene recognition performance compared to
a simple matching based method and a matching plus
epipolar constraint method.

2 3D Ordinal Constraint in Spatial Con-
figuration

In this section, we propose the 3D ordinal constraint
which is based on 3D qualitative spatial information and
show that it can serve as a powerful tool in scene recog-
nition tasks.












Figure 5. Various challenging test and reference scenes for the four databases. IND: ambiguous scenes(t) and
viewpoint changes(b). UBIN: clear vs hazy overcast skies(t) and shadows vs leaves swept up(b). SBWR: numerous
occlusions due to dense vegetation. NS: non-uniform illumination(t) and changes in scene content due to rain and tree
fall(b). All the test scenes shown here are successfully recognized.((t)op,(b)ottom).

Table 3. Recognition results of the Simple
SRS(SURF Only) (%)

Database (taa td) Pacc Prej P(werall
IND (1.2,0.03) | 76.00 | 71.43 | 73.71
UBIN (1.2,0.01) | 69.84 | 68.12 | 68.98
SBWR (1.2,0.02) | 80.00 | 81.25 | 80.63
NS (1.5,0.02) | 70.73 | 98.08 | 84.40

SRS(table 3). Simple SRS uses only the percentage
matches % as a similarity measure. One can see
that the recoognition accuracy of the proposed SRS is
higher and more consistent over the four databases than
that of the simple SRS. 3D ordinal constraint thus con-
tributes positively in the recognition accuracy.

For further evaluation, we compare the results with
that of epipolar SRS(table 4), which uses SURF match-
ing plus RANSAC epipolar constraint to eliminate mis-
matches. It can be seen that the proposed SRS outper-
forms the epipolar SRS significantly. In addition, the
proposed SRS is computationally more efficient than
the iterative RANSAC based epipolar SRS. Therefore,
3D ordinal constraint is more effective and efficient
than the commonly used epipolar constraint in the scene
recognition task.
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