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Abstract. Traditional generativ e Mark ov random elds for seg-
menting images model the image data and corresp onding labels
join tly , whic h requires extensiv e indep endence assumptions for tract-
abilit y. We present the conditional random eld for an application

in sign detection, using typical scale and orien tation selectiv e tex-
ture Iters and a nonlinear texture operator based on the grating
cell. The resulting model captures dependencies between neigh bor-
ing image region labels in a data-dep endent way that escapes the
dicult problem of modeling image formation, instead focusing ef-
fort and computation on the labeling task. We compare the results
of training the model with pseudo-lik eliho od against an appro xima-
tion of the full lik eliho od with the iterativ e tree reparameterization

algorithm and demonstrate impro vement over previous metho ds.

INT RODUCT ION

Image segmemation and region labeling are common problemsin computer
vision. In this work, we seekto identify signsin natural imagesby classifying
regionsaccordingto their textural properties. Our goalis to integrate with a
wearable systemthat will recognizeany detected signsas a navigational aid
to the visually impaired. Generic sign detection is a di cult problem. Signs
may be located anywhere in an image, exhibit a wide range of sizes, and
contain an extraordinarily broad set of fonts, colors, arrangemeris, etc. For
thesereasonswetreat signsasa generaltexture classand seekto discriminate
such a classfrom the many others presert in natural images.

The value of context in computer vision tasks has beenstudied in various
ways for many years. Two typesof context are important for this problem:
label context and data context. In the absenceof label cortext, local regions
are classi ed independenly, which is acommonapproad to object detection.
Sud disregard for the (unknown) labels of neighboring regionsoften leadsto
isolated false positivesand missing false negatives. The absenceof data con-
text meansignoring potentially helpful image data from any neighbors of the



region being classi ed. Both corntexts are simultaneously important. For in-
stance,sinceneighboring regionsoften have the samelabel, we could penalize
label discortinuity in an image. If such regularity is imposedwithout regard
for the actual data in a region and local evidencefor a label is weak, then
continuity constraints would typically override the local data. Conversely
local region evidencefor a\sign" label could be weak, but a strong edgein
the adjoining region might bolster belief in the presenceof a sign at the site
becausethe edgeindicates a transition. Thus, considering both the labels
and data of neighboring regionsis important for predicting labels. This is
exactly what the conditional random eld (CRF) model provides.

The advantage of the discriminativ e contextual model over a generative
one for detection tasks has recerntlly beenshaown in [8]. We demonstrate a
training method that improves prediction results, and we apply the model
to a challenging real-world task. First the details of the model and how it
di ers from the typical random eld are described, followed by a description
of the image featureswe use. We closewith experiments and conclusions.

RANDOM  FIELDS
Mo del

For many computer vision tasks, the prior probability of the data being ob-
sened is inconsequetial. Images happen. We are primarily interested in
what may be inferred when given the images. However, probability distribu-
tions over labelsy and an image x have traditionally been modeled jointly,
with the image prior probability beingignoredat classi cation time. For that
reason,generative joint modelsrequire unnecessarynodeling e ort and more
computation than their conditional courterparts.

Markov random elds are probability distributions parameterized by a
graph topology G = (V;E). For tractabilit y reasons,typical generative ran-
dom elds treat the interaction betweenlocal data and its label independertly
of the interaction betweenneighboring labels. The joint distribution is thus
factored into the prior on label assignmets and the probability of locally
obsened data, conditioned on the single site label:

Y
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pYiX) = PXTYIPY) . 5
where () are compatibility functions, Z is a normalizing constart making
the expressiona probability distribution, Cis afamily of cliquesof the graph,
and yc are the variablesin a given cligue C V. In this model, objects x
(e.g., patch statistics, saliert features, etc.) from ead classy 2 Y are gener-
ated by a class-conditionalprobabilit y distribution p(x j y). This requiresnot
only a model for every classwe wish to distinguish, but an accurategenerative
badkground model even for classesof no interest; a non-trivial task because
the real world contains a myriad of image\classes" (region types, textures,
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Figure 1: Left : Traditional joint random eld over data x and labelsy (cf. Eq.
1). Right : Conditional random eld where data is obsened (cf. Eq. 2).

objects, etc.). In short, it is generally more di cult to explain the processes
that generateclassdata than it is to model the boundaries between classes.
In the latter approad, only boundariesamong classeof interest must be dis-
tinguished, with the remainder easily collapsing into a single\background"
class. Modeling the interactions between data and labels separately as (1)
does, is often too limiting for many computer vision tasks; we therefore use
arecertly proposedmodel that handlesthe interaction betweensite labelsin
a context-dependert way [9], describingit next.

The random eld graph topology commonly usedfor joint image labeling
problemsis the lattice, (Figure 1), where cliquesare single nodesand edges.
We use a homogeneousanisotropic random eld. Thus, cliques of the same
classuse the same compatibilit y functions regardlessof image location, but
horizontal and vertical edgesare considereddi erent classesand thus have
distinct compatibility functions. Anisotropy allows the model to learn any
orientational bias of the labels. Our conditional random eld hasthe form

Y Y
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1 X X
= Z(X)eXp@ F (yv;X) + G (Yu; Yv; X)A 5(3)
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whereZ is now an obsenation-dependert normalizer. The compatibilities are
functions of clique labels, allowing neighboring label interaction, but they are
also functions of the erntire obsenation. This di ers markedly from (1) by
allowing data-dependert label interaction (seeFigure 1). F and G are vector-
valued feature functions, and and are vectors of parameters for nodes
and edges,respectively. Node labels comefrom a discrete, nite alphabet Y.
We use one set of obsenation features for nodes and edgesand transform
them into feature functions (obsenation, label pairs) using the relationship

(y;yv) £ (x)
ive) O°w)d (x);

is a vector of node features (i.e., texture statistics of
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a region) and g = ¢ (=10 is a vector of edge features (i.e., di erences

between statistics of neighboring regions), sothat F = f)',‘ k=1 K iy 2y and

G = gi,.yo - Thus 2 RKYiand 2 RYYI*. When E =
’ j=1::3y;y%2Y Y

;, the model usesno label context and is commonly called a conditional
maximum ertropy classi er (hence,MaxEnt), or logistic regression.

Training and Inference

Parametersfor probabilistic modelslike CRFs are generally set by maximiz-
ing the likelihood of a data sample. Unfortunately, inferencefor any random
eld with the lattice topology is intractable dueto Z (an exponertial sum).
Markov chain Monte Carlo (MCMC) (seee.g.,[16]) is often usedto approxi-
mate Z in similar generative models. However, in our conditional model Z is
dependent on the image data x and must be estimated for each observation
in the sample. A simpler approximation is to maximize the pseudo-likelihood
(PL) [1], which is the product of the probabilities of nodesgiven their neigh-
boring labels. The normalizers are then summations over labels at a single
node, rather than the possiblelabelings of all nodes.

A relatively new alternative to MCMC and PL for approximating like-
lihood is called tree reparameterization (TRP) [15]. Inferencein graphical
models without cycles (unlike the lattice) is very e cient, i.e., due to the
junction tree algorithm (e.g., [10]). An important consequenceof the junc-
tion tree algorithm is that marginal distributions are revealed on pairs of
neighboring nodes,inducing an alternativ e factorization of the joint distribu-
tion. TRP operatesby usingjunction tree to compute the exact marginals on
a spanningtree of the cyclic graph. The spanningtree's factorization is then
placed back into the original graph, and the processrepeats with dierent
spanning trees until the parameterization cornverges,leaving the marginals.
We demonstrateimproved detection performanceusing TRP to approximate
the likelihood over pseudo-likelihood. The likelihood function is corvex and
may be optimized globally via gradient ascen. Pseudo-likelihood is sensitive
to initialization, however, sonode parametersare optimized rst. We usethe
guasi-newton L-BF GS algorithm for maximization.

To prevent training proceduresfrom over tting parametersin conditional
models, a prior is introduced, and the posterior is maximized rather than
likelihood. We employ a diagonal zero-cetiered Gaussianprior on parameters
[2] (similar to weight decay in neural networks or ridge regression);variances
are experimentally determined through cross-alidation.

Given the image data, our model simply yields a joint posterior distribu-
tion on labelings. When interested in picking a hard and fast label for eact
region of the image (node in the graph), the question becomeswhat to do
with that distribution. A simple, oft-used answer is to nd its maximum.
That is, usemaximum a posteriori (MAP) estimation:

§ = arg max p(yjx):
y2Y iVi



This seart spaceis intractable. Howewer, a slight alteration of TRP allows
MAP estimatesto be quickly calculated. A simpler alternative is to seart
for a local maximum of the posterior, an estimate called iterated conditional
modes (ICM). Given someinitial labeling y°, subsequen labels are given by

k+1 _— ik . .
Yo'l = argmaxp ¥y jyn )i X ;8v2V

until yk** = yk or an iteration limit is exceeded.Often, the initial labeling
comesfrom the local compatibility maximum y2 = argmaxy,oy  (Yv;X):
Like many point estimates, the MAP estimation has an important caveat:
poor predictions can result when the maximum of the posterior is not repre-
sertativ e of most of the other likely labelings[6]. An alternative method for
prediction is called maximum posterior marginal (MPM) estimation,

Y = argmaxp(yyjx);8v2V,
yv 2Y

which accourts for the probability of all labelings, not simply the maxi-
mal (joint) labeling, by choosing the label at eady node that maximizes its
marginal probability. MAP and MPM are equivalent in the MaxEnt classi-
er sincenode labelsare independert. Marginalization su ers from the same
computational complexity problems as MAP, but since TRP reveals (ap-
proximate) marginals on the nodes, it is easily usedfor MPM. Comparisons
betweenICM and MAP estimated with TRP are given in the experimerts.

IMA'. GE FEATURES FOR SIGN DET ECT ION

Text and sign detection has beenthe subject of much researt. Earlier ap-
proaches either use independen, local classi cations (i.e., [5, 7, 11]) or use
heuristic methods, such as connectedcomponert analysis(i.e., [4, 14]). Much

work has beenbasedon edgedetectors or more generaltexture features, as
well as color. Our approac calculates a joint labeling of image patches,
rather than labeling patchesindependertly, and it obviates layout heuristics
by allowing the CRF to learn the characteristics of regionsthat cortain text.

Rather than simply using functions of single lters (e.g., momens) or edges,
we usea richer represenation that capturesimportant relationships between
responsesto di erent scale-and orientation-selective lters.

To measurethe general textural properties of both sign and especially
non-sign(hence,badkground) imageregions,we useresponsesof scaleand ori-
entation selective lters. Speci cally, we usethe statistics of Iter responses
described in [13], where correlations between steerablepyramid responsesof
di erent scalesand orientations are the prominent features.

A biologically inspired non-linear texture operator for detecting gratings
of bars at a particular orientation and scaleis described in [12]. Scaleand
orientation selective lIters, sud asthe steerable pyramid or Gabor lters,
respond indiscriminately to both single edgesand one or more bars. Grating
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Figure 2: Grating cell data ow for a single scale and orientation. Two boxes at
I, T, and F represent certer on and center o lters, while the boxesat M are for
the six receptive elds.

cells, on the other hand, respond selectively only to multiple (three or more)
bars. This property is an ideal match for detecting text, which is gener-
ally characterized by a\grating" of strokes. The original model is cortrast-
normalized, but we expect text in signsto have high cortrast for readability,
sowe omit any normalization when calculating | ., . , the responseof an in-
put imageto a lter with preferred orientation , spatial frequency! , and
phase (Figure 3, upper-right). Furthermore, letters have a limited aspect
ratio, thus the barsin text have boundedheight. For this reasonwe subject
the responsesl .. to a secondround of ltering with output T .. , where
;1 still indicates the parameters of the primary simple lter. The sec-
ondary lter hasan orthogonal orientation + -, a certer-on phaseof , and
should have a frequency of no more than ! / 2. To elicit stronger responses
from bars of limited height, the original simple Iter responseis weighted by
the perpendicular responsewith the Schur product F .. , I .. T..
Once the weighted responsesare calculated, a binary grating cell subunit
Q . indicates the presenceof a grating at ead image location. To make
sud a determination, alternating strong maximum certer-on ( = ) and
certer-o ( = 0) responsesM . ., are required in receptive eld regions
R.an( 3 n  2)oflength 1/ (2! ) alonga line with orientation  (Figure
3, bottom). We let the nal output P . be the mean responseamong the
receptive elds whereQ . indicates a grating and zero elsewhere.This also
di ers from the original model, which simply givesthe spatial averageof the
grating indicator. Use of actual Iter responsesin the output is important
becauseit represens the strength of the grating, rather than only its pres-
ence. After taking maximum responsesover a set of scales,we usethe mean,
max, variance, skew and kurtosis of the outputs in a region as features.

Additionally , histograms of patch hue and saturation are used,which also
allows us to measurecolor discortin uities between patches.

Using an algorithm [3] that ranks discriminative power of random eld
model features, we found the top three in the edge-lesscontext-free MaxEnt
model to be (i) the level of greenhue (easily identifying vegetation as back-
ground), (ii) mean grating cell response (easily identifying text), and (iii)
correlation between a vertically and diagonally oriented Iter of moderate
scale(the single most useful other “textural' feature).



Figure 3: Grating operator on text. Upper Left : Input image. Upper Right :
Center-on and certer-o simple Iter responses( = 0). Bottom : Slice of simple
Iter responsesand receptive regions for a marked point.
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Figure 4: Multi-scale text detection with grating cells. Left : Input image with
sign areasoutlined. Right : Grating cell responses.

EXPERIMENT S

Our sign experiments are basedon a hand-labeled database of 309 images
collected from a North American downtown area with a still cameral We
view the 1024x768pixel imagesas an 8x6 grid of 128x128pixel patchesover
which the features are computed. This outer scale was chosento balance
computational burden against typical sign size; some patches cortain more
sign than others. Let f, represen the statistics of the steerablepyramid, fg
the grating statistics, and f,, fs the hue and saturation histograms, respec-
tively. Our node features are the concatenatedvectors f = H,;fg; fn;fs; 1i

LAvailable at <http://ivis-www.cs.umass.edu/projects/vidi>



| Classier | Prediction | Recall | Precision | F1 |

MaxEnt MAP 4836 | 68.02 | 56.45
ICM 4942 | 7023 | 57.90

PL MAP 2953 | 7023 | 57.97

MPM 29.97 | 69.77 | 58.13

CRF ICM 5401 | 6654 | 59.49
TRP [ MAP 5458 | 66.07 | 59.57

MPM 5458 | 66.07 | 59.65

Table 1. Prediction resul ts for signs. PL indica tes training  with
pseudo-likelihood, and TRP training with appr oximated full likelihood.
MAP and MPM for the CRF is estimated with TRP.
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Figure 5: Discriminativ e power. Left : ROC curves and areas for MaxEnt on
patchesthat are nearly all (75%-100%) sign or mostly (50-75%) sign. Right : ROC
curvesand areasfor MaxEnt and CRF in patches containing lessthan 25% sign.

plus a bias feature. Edge features are the L2 norms of di erences between
statistics at neighboring patches,g = f, 9 ;kfn fok;kfs fk;1.
The image set is split evenly with half ead for training and testing. Ta-
ble 1 contains the average prediction results of 20 such splits. Since this
is a detection task, we report precision and recall (common in information
retrieval) for ead prediction method. Let Ds be the number of true sign
patches detected with D the total number of detections and S the actual
number of true sign patches. Precisionis P = Dg/ D, the percertage of
detections that are correct (not the complemen of false alarm). Recall is
R = Ds/ S, the detection rate. The harmonic mean of recall and precision
F1= 2PR/ (P + R) reects the balance (or lack thereof) betweenthe rate
and accuracy of detections; higher F1 indicates better overall performance.
MAP and ICM are point estimates of the unwieldy joint posterior prob-
ability, but the marginal posterior of a label (i.e., \sign") at a node is a real
quantit y that may be easily varied. Figure 5 (left) demonstratesthat overall
discrimination is very good ewven in the context-free MaxEnt classi er when
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Figure 6: Example detection results. Left-Right : MaxEnt, CRF ICM and MAP.

a patch cortains nearly all sign, but performancedegradesasthe amourt of
signin a patch decreasesFigure 5 (right) shows that adding context with a
CRF improvesthe ability to identify all regionsof a sign, especially those on
the border where the patch contains more badkground.

Using a CRF signi cantly improvesF1 over the local MaxEnt classi er.?
Training with TRP alsoimprovesrecall. Becauseit is given true neighboring
labels, which are unavailable at test time, PL training tends to be overcon-
dent with edge parameters, leading to higher precision (excepting MPM)
as a result of over-smaothing the labels. TRP training yields higher F1 and
recall over PL for all prediction methods.

CONCLUSIONS

The conditional random eld is a powerful new model for vision applica-
tions that does not require the strong independenceassumptionsof genera-
tive models. With it, we demonstrate sign detection in natural imagesusing
both generaltexture features and special features for text. Adding context
increasesthe detection rate faster than the false alarm rate by drawing on
both obsened data and unknown labels from neighboring regions.

The complexity issuesof cyclic random elds are well known. Although
training times are greater, prediction with a CRF still only requiresabout 3
secondson a 3GHz desktop workstation. We have shavn the superiority of
tree reparameterization over the pseudo-likelihood approximation for param-
eter estimation and prediction in the CRF model for our detection task.

We plan to add more edge features to increaseour use of the model's
contextual power by incorporating feature selectionand induction methods.
Over tting remainsa constart problem in suc a high-dimensional model, so
regularization is an important areafor study.
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2Claims of relativ e performance are based on a two-sided, paired sign test (p < 4e 5).
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