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In this paper, we investigate how, given an image, similar images sharing
the same global description can help with unsupervised scene
segmentation. € W@E} 0 u-e

In contrast to recent work in semantic alignment of scenes, we allow an
input image to be explained by partial matches of similar scenes. This
allows for a better explanation of the input scenes. [WE } %o} 0

We perform MRF-based segmentation that optimizes over matches, while
respecting boundary information. The recovered segments are then used
to re-query a large database of images to retrieve better matches for the
targetregions. € %o %o (E} Z-

We show improved performance in detecting the principal occluding and
contact boundaries for the scene over previous methods on data gathered
from the LabelMe dataset. € /A % E]Ju vSe
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[Zhu, 06] SC Zhu, and D. Mumford. A Stochastic Grammar of Images. Foundations and Trends in
Computer Graphics, vol. 2, no. 4: 259-362, 2006.
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— Syntheticallyincreasing the dataset with transformed copies of images

— Cleaning matching results using clustering
— Automatically prefiltering the dataset
— Simply picking good matches by hand

, B2, trEBrEH, BLREFNAER
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e JH[X[: We believe that there is a more fundamental problem —
the variability of the visual world is just so vast, with exponential
number of different object combinations within each scene, that | S
ul]PzZ3 (pns]8} £% S 0A Cv ]vP DA E P4
us Zs do

o fRIRI;E: An input image should be explained by <% S] 0

lu%ote]E( ](( E &ESP]j}aken from different database

images.

e IEE: To break up the image into chunks that are small enough
to have good matches within the database, but still large enough
that the matches retain their informative power.
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e.g. We seek to segment objects enclosed by the principal
occlusion and contact boundaries and not objects that are part-of
or attached to other objects.
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Since the stack is already more-or-less aligned, the regions corresponding to the
semantic objects that are present in many images will consistently appear in
the same spatial location. The input image can then be explained as a patch-
work of these consistent regions, simultaneously producing a segmentation, as
well as composite matches, that are better than any of the individual matches
within the stack.
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— B FAIRE R EGHERRE R Z BB A sERYIE XA K
The region process aims to find large groups of coherent pixels that co-occur
together often, but is not too concerned about precise localization.

- XEAEZRFE GERE THEEIER G ERIRA—E
The boundary process, on the other hand, focuses rather myopically on the local
image behavior around boundaries but has excellent localization.

- E—PMRAERTEMIFZMXIESR, XMERZEBILGraph cutsSREx LAY
To use a single MRF-based optimization framework for this task, that will negotiate
between the more global region process and the well-localized boundary process.
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98 F 123 45 BE 9% X BR Bl A BR4 A 4544
e.g. ):' \ ?FE/IS\

Boundaries between objects often produce weak image evidence
e.g. BN MBI ZE T A B 2 18808 F EHEEB 57 ES

Objects tend not to rest at exactly the same location relative to
each other in a scene

e.g. EAZHEGY, FRMFEFEFS B DINAXRBFEL
B E
Regions inside an object will tend to match to the same set of

images, each having similar appearance, while regions on opposite
sides of a boundary will match to different sets of images.
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5B E— T LEAROFE ER SPrI A Mk, BT thELrAmNEEE
LSRN 2 BIG ER S8R . M T R R%EE—M0N, RIMNBIA—8
W EHImaskZ B — 1~ EHEB R & fid 1Sk I 3 th 1A El G

We use a half-Gaussian weighting mask oriented along the line and centered at
image point P.

This local mask modulates the Gabor filter responses (8 orientations over 4
scales) and the RGB color channels, with a descriptor formed by averaging the
Gabor energy and color over 32 X 32 pixel spatial bins.

XN EEBmaskiE T GaboriEiE el (FE4 N RE RIS EAIE]) FNRGBENE
HiE, 5 A— 1 HEMGaborfE = BT 32X32{& ZBVE EbinFIER & 2 AK
HIFEIR T

21




BAFLIE b

SAE S EEIA Fa(p,0)3E%% T £ S PFIEA 0 — A R RIS ER
A 11 A L1EE B ok Ee s LARR[E] RO 75 =0 M B & HE AR R BX AV 7 W H1d F 5 & 14)
Eli&Hmik 1.

HE PRy EMG# RIZ AR TR, E BRI (R FEHE a4 E AL E PFNEA O]
DA EE. RN, REAERFEBRAITN.

SFEANEGSPFEAE0, 7£5AE2Zk YA M AY /536 PLEE /Y & B Bl E =R
S| N ERFRIERS, MS, HpEBNFIRAHIFBE 8 EGREERER Fa(p,
0)FEP BIEEIRIILIEEEREGE -

We compute Spearman’s rank correlation coefficient between the two rank-

ordered lists: n
' 65 " . d?
0) = 1 =1 "¢ (1)
p(p.9) n(n? —1)

Hen 2P WEIRHE, dEmNFIRS, FS P RHEEIRIEFR Z B/ ZE.
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Figure 2: Data driven boundary detection. Left: Input image with query edges shown. Right: The
top 9 matches in a large collection of images for each side of the query edges. Rank correlation for
occlusion boundary (A): -0.0998; rank correlation within the road region (B): 0.6067. Notice that
for point B lying inside an object (the road), the ranked sets of retrieved images for the two sides
of the oriented line are similar, resulting in a high rank correlation score. At point A lying at an

occlusion boundary between the building and the sky, the sets of retrieved images are very different,
resulting in a low rank correlation score.
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e A high rank correlation should indicate that point p lies inside an object’s
extent, whereas a low correlation should indicate that point p is at an object

boundary with orientation 6. We note however, that low rank correlations
could be also caused by poor quality of local matches.

e HATXMELER, FNXOUTEBEMFRIC AR SMEARTFRIER R
. XA R2ETILFENF(PR)EIMEZE, AEAEO [on) . HiKAN/S
MiTEFEIN. REMBEF PP 7T BEARIP,FFAFE X F Hp Al i
& APBHYIIBR .

Ppg(p,0) = Pg(p. 9)1 _ f;(pl 0)5[135 (9,0) = mgax Pg(p.0)]
(2)
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(a) | ©) © | (d)

Figure 3: Data driven boundary detection. (a) Input image. (b) Ground truth boundaries. (c¢) P 5 [13].

(d) Proposed data driven boundary detection. Notice enhanced object boundaries and suppressed
false positives boundaries inside objects.
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Given a database of N scene images, each rectangular patch in the query
image is described by an N dimensional binary vector, y, where the i-th
element y[i] is set to 1 if the i-th image in the database is among the m = 1000
nearest neighbors of the patch. Other elements of y are set to 0. The nearest
neighbors for each patch are obtained by matching the local gist and color
descriptors at the particular image location, but here center weighted by a full
Gaussian mask with o =24 pixels. /lu P 3§ |

T

K« K«
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o HREEFULC ,k {1,..K
— probabilisticlatent semantic analysis (pLSA)
— Latent Dirichlet Allocation (LDA)
- <fu Ve

Figure 4: Data driven image grouping. Left: input image. Right: heat maps indicating groupings
of pixels belonging to the same scene component, which are found by clustering image patches that
match the same set of images in the stack (warmer colors correspond to higher similarity to a cluster
center). Notice that regions belonging to the major scene components are highlighted. Also, local
regions with different appearances (e.g. doors and windows in the interior of the building) can map
to the same cluster since they only need to match to the same set of images. Finally, the highlighted
regions tend to overlap, thereby providing multiple hypotheses for a local region.
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m1r[zcbz Ti Vi +Z%g «’L'z,xg)] (3)

! hv EC § Eu (%,5) v EC § Eu

x; 1{0,1,...,K} is the state at pixel i corresponding to one of K different image
stack groups;

¢, are unary costs defined by similarity of a patch at pixel i, described by an
indicator vectory;, to each of the K image stack groups;

;; are binary costs for a boundary-dependent Potts model. .

The unary term encourages pixels explained well by the same group of images
from the stack to receive the same label.

The binary term encourages neighboring pixels to have the same label, except
in a case of a strong boundary evidence.

2010/5/21 29
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e TheunarytermBIERE X :

—s(cg,y:) keil,...,.K
oo = koy)) ={ oY) pEfbe KL
where y is a scalar parameter, and S(ck.yi) = cLy: is the similarity between
indicator vector y; describing the local image appearance at pixel i and the k-th
cluster center c,.

e Thebinary termHJB{EE X :

Vi j(Ti,z5) = (a+ Bf(i,7)) 0z = xy] (5)
e where f(i,j) is a function dependent on the output of the data-driven boundary
detector Ppg, and a and 3 are scalar parameters.
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e Since Py is a line process with output strength and orientation defined at
pixels rather than between pixels, as in the standard contrast dependent pair-
wise term in Graph cuts, we must take care to place the pairwise costs
consistently along one side of each continuous boundary.

For this, let P; = maxy Ppp(i.f) and 6; = argmax, PDB(i @). If 7 and

j are vertical neighbors, with ¢ on top, then f(i. j) = max{0.P; — F;}. If i and } are horizontal

neighbors, with 7 on the left, then f(i. j) = max{0, (P; — F;)d [H < /2|, (F; — P;)d|6; > 7/2]}.

Notice that since Ppp is non-negative everywhere, we Gnly incorporate a cost into the model when

the difference between adjacent Ppp elements is positive.

e We minimize the MRF equation using Graph cuts with alpha-beta swaps [3].
We optimized the parameters on a validation set by manual tuning on the
boundary detection task (section 5). We set a = -0.1, f =0.25, and y = -0.25.
Note that the number of recovered segments is not necessarily equal to the
number of image stack groups K.
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e CIFEHIE: HlHLabelMeHIBEEMNE k= HEE
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Figure 6: Left: Output segmentation produced by our system. Notice that the segment boundaries
align well with the depicted objects in the scene. Top right: Top maiches for each recovered segment,
which are stitched together to form a composite. Bottom right: Top whole-image matches using the
gist descriptor. By recovering the segmentation, we are able to recover improved semantic matches.
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D. Martin, C. Fowlkes, and J.

Malik. Learning to detect
natural image boundaries
using local brightness, color,
and texture cues. |EEE Trans.
on PAMI, 26(5):530-549,
2004.
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