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ABSTRACT

Fully-connected conditional random fields (CRF) models

have recently been developed for image labeling task to in-

corporate interactions of all pairs of pixels in the image.

Efficient inference in fully-connected models is very sensi-

tive to initialization of the unary potentials. In this paper,

we propose a new robust context-based fully-connected CRF

model which alleviates initialization sensitivity of inference

in dense CRFs. The new model integrates an extra hidden

node that accounts for the overall context of the image and

is connected to all other pixel nodes. By incorporating the

new context node in CRF graph, we maximize probability

of labeling configuration jointly with the image‘s context.

Therefore, wrong initializations of objects that contradict the

overal context could be refined. We define the context-based

unary and pairwise potentials and further derive the inference

algorithm for the proposed model based on the mean field

approximation method. We run experiments over the bench-

mark MSRC image database and demonstrate that the new

model improves object recognition accuracy by about 21%.

We show where the conventional CRF model is impeded by

wrong initialization of unary potentials, the proposed model

identifies the labels correctly.

Index Terms— Context-based dense CRF, Image Label-

ing, Mean Field approximation

1. INTRODUCTION

Multiclass image labeling is the groundwork for scene under-

standing in many intriguing applications such as humanoid

robots and autonomous vehicles. Image labeling is primarily

performed by assigning each pixel in the image to a specific

semantic category from a predefined set of object classes. Ac-

tive research in this field applies conditional random fields

(CRF) [1] to tackle the problem. Regarding label prediction

task, CRF methods outperform ordinary classifiers such as

support vector machines (SVM) due to their capability to take

image context into account [2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12,

13, 14].

This work was supported in part by the Natural Sciences and Engineer-

ing Research Council of Canada (NSERC), under Grant RGPIN239031.

Contextual information have been investigated in CRF-

based image labeling literature in different ways [15]. Con-

ventionally, contextual information exploit relationship be-

tween objects in a scene in terms of semantic consistency,

relative location and scale [3, 4, 5, 8, 9]. Some methods of

context modeling first segment the image and then take object

interactions into account [4, 8, 9]. Although these methods

are computationally efficient, they suffer from the errors pro-

voked by the initial segmentation [12]. To employ spatial con-

text, Shotton et al. [5] consider the dependence of a pixel‘s

label on its absolute location in the image by defining the lo-

cation potentials. Gould et al. [3] explore inter-class spatial

relationships so that identification of an object within the im-

age would affect the probability of finding others. Hoiem et

al. [16] exploit context by estimating the horizon line in the

image and incorporate a measure of position relative to the

horizon. He et. al. [17] also define a mixture of CRF model

to explore image context.

The success of aforementioned CRF models, however, is

very much restricted by the extent to which information is

allowed to flow in the image. Considering long-range in-

teractions and high-order connectivities between image pix-

els have been proved to substanially improve labeling accu-

racy [6, 7]. Since employing high-order connectivities makes

the CRF model computationally expensive, recent research on

CRF-based image labeling has been devoted to development

of efficient inference algorithms for fully-connected (dense)

CRF models which connect each pixel to every other pixel in

the image [11, 12]. They render iterative inference algorithms

which are computationally efficient but are very sensitive to

the initialization of unary potentials [18]. If the initial unary

potentials fail to identify the objects in the image correctly,

the iterative algorithm cannot revise the object labels and con-

tinues to refine boundaries of wrong labels. To mitigate the

initialization issue, Vineet et. al. [18] propose a hierarchical

approach to get arround this problem which introduces more

parameters and thus more computational burden to the prob-

lem.

In this paper, we propose a new context-based dense CRF

model which is robust to initialization of merely-apearance-

based local unary potentials. We integrate an extra hidden

node in the conventional CRF graph which accounts for the

overall context of the image. Inclusion of overal context infor-
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Fig. 1. Conventional CRF vs. context-based CRF graph.

mation in CRF model is critical because the same appearance

features might be representative of contrasting objects in dif-

ferent contexts. For example, a green ground in an outdoor

(the context) image characterizes a grass (the object) field;

however, the same green ground in an indoor image might

be an attribute of a carpet. By embedding the new context-

related node in the new model, we maximize probability of

target labeling configuration jointly with the image context so

that wrong initializations of both could be corrected in a coop-

eration with the other. Using the information from the context

node, the model has the power to modify wrong initializations

of the unary potentials and consider other probable labels.

Furthermore, we define context-based unary and pair-

wise potentials and also derive the inference algorithm for

the context-based model based on the mean field approxi-

mation method. Quantitative evaluation of the new model

on the benchmark MSRC-21 database demonstrates that the

proposed framework outperforms conventional dense CRF la-

beling by about 21% in terms of object recognition accuracy.

Qualitative comparisons show that where the conventional

dense CRF adheres to the wrong initializations and fails, the

new context-based model identifies the objects correctly.

2. NEW CONTEXT-BASED CRF FORMULATION

The proposed context-based CRF graph is illustrated in figure

1 (right). We add a node c to conventional CRF graph (figure

1, left) which represents a random variable for the overall con-

text of the image and can take a value from a set of C possible

contexts. Regarding the image labeling task, the following

notation is used. N is the total number of pixels in the image

I and {I1, I2, ..., IN} is the set of feature vectors of pixels 1
toN , where Ii is the observation feature vector obtained from

pixel i. {x1, x2, ..., xN} is the set of random variables repre-

senting labels of corresponding pixels where xi can take any

label l from the set of all possible labels {l1, l2, ..., lL} as a

value. In this framework, X represents a possible configura-

tion of labels of all pixels.

By associating the context with a node in the graph, we

aim to maximize P (X, c|I) instead of maximizing P (X|I);
therefore, the new context-based CRF formulation is:

P (X, c|I) = P (X|I, c)P (c|I) = P (c|I)
Z(X,c) exp (−E(X|c, I)) (1)

where in (1), P (X|I, c) is the probability of labeling config-

uration X under context c given image I; P (c|I) is the prob-

ability of infering context c given image I; and Z(X, c) is the

normalizing partition function. Moreover, E(X|c, I) is the

Gibbs Energy defined as follows:

E(X|c, I) =
N∑
i=1

ψc
u(xi|Ii) +

N∑
i=1

∑
j �=i

ψc
p(xi, xj |Ii, Ij) (2)

In (2), ψc
u represents the context-based unary potential and we

define it as:

ψc
u(xi|Ii) = ψu(xi|Ii)ψ(xi|c) (3)

where ψu(xi|Ii) is the conventional unary potential and could

be a classifier’s output for probability of label xi given appear-

ance feature Ii at pixel i independent of any other pixels [1].

Defining ψ(xi|c) to be the probablity that label (object) xi oc-

cur in context c, we then derive the context-dependent unary

potential, ψc
u(xi|Ii), as formulated in (3). Furthermore, in

(2), ψc
p represent the context-dependent pairwise potential as

formulated below:

ψc
p(xi, xj |Ii, Ij) = μc(xi, xj)d

c(Ii, Ij) (4)

Intuitively, nearby pixels with similar features are very proba-

ble to have the same label. Therefore, if nearby similar pixels

take different labels a penalty (μ) is considered. The less sim-

ilar the two pixels, the less the penalty of taking two different

labels. Conventionally, a Potts model (μ = [xi �= xj ]) is used

to force the penalty weight which apparently has the short-

coming to penalize an incompatible label pair ”sky” and ”cat”

to the same extent as a certainly compatible label pair ”sky”

and ”bird” [11]. We circumvent this problem by defining the

context-based penalty term μc(xi, xj) as follows:

μc(xi, xj) = 1− P (xi, xj |c)
where P (xi, xj |c) implies the compatability of labels xi and

xj under context c. The less compatible they are, the more

the penalty for nearby similar pixels to be of those different

labels. In order to measure similarity (d) of the two pixels in

terms of appearance and relative location, a gaussian function

is applied conventionally [11, 12]. we define dc(Ii, Ij) as a

context-dependent gaussian so that:

dc(Ii, Ij) = exp

(
−|Ii − Ij |

2

2σ2
c

)

In this formulation, σc characterizes the extent to which we

regard the neighborhood of a pixel whithin the image. Im-

ages with patchy and uneven objects such as trees as the main

subject in them need to consider a larger neighborhood of pix-

els than those with solid even objects. That is because looking

at trees you might see patches of sky through it. Therefore, if

there are blue pixels within green pixels that do not conform

to their surrounding, they might actually belong to some other

object such as sky somewhat farther in the image. Larger val-

ues of σc consider a larger neighborhood as valid to explore

for similarities.
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3. TRAINING AND INFERENCE

3.1. Inference

Efficient inference is a critical issue in development of fully-

connected CRF labeling. An efficient inference method was

recently proposed by Krähenbühl et. al. [11]. They employed

mean field approximation method [19] to provide the grounds

in which they could apply permutohedral lattice [20], a highly

efficient convolution data structure, to get around the compu-

tational burden of inference in fully-connected CRF. However

as previously discussed, this inference algorithm is very sensi-

tive to initialization of the unary potentials and fail to identify

the correct object if initial potentials are wrong [18]. Employ-

ing the mean field approximation method in our context-based

CRF model, we develop a new inference framework which is

not only computationally efficient but also robust to the ini-

tialization issue. Based on this approach, the context-based

posterior P (X, c|I) is assumed to be a fully factorized ap-

proximation of the form Q(X, c) = q(c)
∏N

i=1 qi(xi).
In order to derive q(c) and qi(xi), we need to minimize

the KL-divergence, KL(P ||Q) =
∑

c,X Q(X, c) log Q(X,c)
P (X,c) .

Expanding the KL-divergence expression and applying co-

ordinate descent method, mean field update equations are

derived as q(c) = 1
Zc

exp
(
Eallqi

[
P̃(X, c)

])
and qi(xi) =

1
Zi

exp
(
EcE−qi

[
P̃(X, c)

])
. Where P̃(X, c) is the term in

equation (1) when not normalized by Z(X, c). Eallqj means

expected value under all distributions qi, Ec refers to ex-

pected value under the distribution q(c) and −qi means all

distributions qi excluding the distribution for node i itself

(qi). Zc and Zi are normalizing factors. Regarding formula

(1) and dropping conditionality on Ii and Ij for simplified

notation, the update equations are:

q(c) =
1

Zc
exp

(
log p(c|I)+

N∑
i=1

L∑
xi=1

qi(xi)E−qi [−E(X|c, I)]
)

qi(xi) =
1

Zi
exp

( C∑
c=1

q(c)E−qi [−E(X|c, I)]
)

(5)

where we removed the constant term
∑

c q(c) logP (c|I)
from qi(xi) expression and:

E−qi [−E(X|c, I)] = −ψc
u(xi)−

∑
j �=i

Eqj

[
ψc
p(xi, xj)

]

Eqj

[
ψc
p(xi, xj)

]
=

L∑
xj=1

qj(xj)ψ
c
p(xi, xj)

Having defined the pairwise potentials ψc
p(xi, xj) in a gaus-

sian format, we follow [11] to use permutohedral lattice to

perform the high dimensional gaussian filtering regarding the

pairwise potentials; which relieves us from the computational

burden of pixelwise pairwise term.

3.2. Training

Our training algorithm is based on piecewise training method

[21]. We devide the dataset of images to three training, valida-

tion and test sets. For the unary potentials, ψu(xi|Ii), we use

the TextonBoost approach [5] by using their publicly avaiable

code. Considering the training set of images which illustrate

context c, for all xi = l ∈ {l1, ..., lL} and for all c ∈ {1 : C},
we compute:

ψ(xi = l|c) = number of pixels with label l under context c

total number of pixels under context c

Besides, the compatibility distribution P (xi = l, xj = l′|c)
is quantified by counting the co-occurrence of labels l and l′

in the same image regarding all images under context c. We

empirically adjust the spread of the pairwise gaussian filter-

ing (σc) using the validation set. For images under a context

whose main subject is a patchy object such as tree, a wider

neigborhood of pixels is surveyed. Furthermore, P (c|I) could

be the output of any classifier such as neural networks [17] or

SVM which renders the probability of the image belonging to

each of the predefined context categories.

4. PERFORMANCE ANALYSIS

We run the experiments on the frequently investigated MSRC-

21 dataset [5] which has 591 images of size 213 x 320 in 21

different classes. We split the database into three portions:

45% training, 10% validation and 45% for testing (265 im-

ages). The training set is used to train the unary potentials

and the context classifier and to determine ψ(xi = l|c) and

P (xi = l, xj = l′|c).
We train an SVM classifier to evaluate the probability

P (c|I) of each image belonging to one of the seven con-

text categories “Shore”, “Man-made structure”, “Greenery”,

“People”, “Animal”, “Vehicle” and “Other”. Respectively,

the constituent objects of each context are defined as {water,

boat, tree, building, sky, bird}, {building, tree, grass, road,

sky, sign}, {grass, tree, road, sky, flower}, {body, face, grass,

sky, tree, dog, building}, {bird, cow, sheep, dog, cat, grass,

tree, road, sky} and {car, bicycle, plane, road, tree, building,

sky, grass}. Context category ”Other” is advocated to single

object theme images (e.g. benches or books). We tag each

image in the training set with the prominent context that it

conveys and train the classifier. Apart from color and texture

features, we also search within images for specific charactris-

tics such as geometric forms (circles and straight lines), text

and skin color as feature and feed it to the classifier. Pres-

ence of these basic structures could, for example, differenti-

ate a “Man-made structure” scene from a “Greenery” scene

Table 1. Overal performance comparison on MSRC dataset.
Unary Conventional CRF [11] Context-based CRF

Overall Accuracy (%) 59.94 62.65 81.29

Average Precision (%) 55.08 60.34 89.50

Average Recall (%) 46.50 47.73 68.48
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Table 2. Comparison of recognition rate (recall) of 21 different classes in MSRC dataset using different models.
flower tree sky grass water body building chair road book face sign sheep cow dog cat boat bird bicycle car plane

Unary 85.00 70.30 82.10 86.10 61.60 50.60 53.30 50.00 13.50 30.30 70.40 34.40 16.20 26.00 49.10 19.30 12.70 44.30 44.50 31.00 45.80

Conventional CRF [11] 91.00 72.90 86.80 89.50 33.75 52.90 60.45 33.75 41.30 67.05 58.00 51.90 28.40 23.20 12.70 31.60 18.90 12.20 46.60 49.50 40.00

Our context-based CRF 94.05 82.10 88.60 97.10 75.90 70.15 83.35 61.70 84.85 96.20 79.60 62.25 51.35 43.15 54.20 55.50 38.85 42.65 56.60 73.00 46.85

very well. Buildings, cars and bicycles are more representa-

tive with their structural anatomy than their color and texture;

whereas, nature scenes are more illustrative in terms of color

and texture (Greenery). We define the dominant context as

the context to which the classifier gives higher probability at

least by 0.2 distance from others. For images which a domi-

nant context is identified, we initialize the context marginals,

q(c), with value 0.4 for the dominant context and value 0.1

for the rest. When SVM fails to find a dominant context, we

initialize all context marginals with value 1
7 . Validation set

is used to tune the parameter σc of the model. For images

with one of the contexts “Shore”, “Man-made structure” or

“Greenery”, we empirically tune σc to 80 (pixel resolution);

and to 20 for all other categories.

We compare the proposed context-based CRF model with

state of the art conventional dense CRF model by Krähenbühl

et. al. [11] using their publicly available code. In order to

build the two models, we use the same low level features

(Ii) and unary potentials (ψu(xi|Ii)) from [5]. Quantitative

results of the experiments are presented in tables 1 and 2.

Table 2 presents the average recognition rates of different

label classes for the two CRF methods. Our context-based

dense CRF method outperforms the conventional dense CRF

method in all categories, particularly, those mostly identified

with a specific context; like “water” in “Shore”. Global accu-

racies, average precision and recall [22] regarding all images

are presented in table 1. By considering the overal context of

the image in identifiying objects within the image so that they

serve the implied context well, we improve overal recognition

(recall) rate by about 20% in average (table 1).

Qualitative results of example test images is illustrated in

figure 2. The dominant context for these example images

have been identified as “Shore”, “Other”, “Animal”, “Man-

made structure” and “Vehicle” from top to bottom in figure

2. As it is shown, although the convetional unary poten-

tials fail to portray the objects properly (3rd column), our

context-based approach (rightmost column) refines the pixel

label marginals so that they contribute to the dominant im-

plied context; whereas the conventional dense CRF method

(4th column from left) is yet stuck in the wrong initialization

by the unary potentials after the iterative inference process.

Therefore, once the overal context of the image is identified

based on the overal structure of the image, erroneous initial-

izations are moderated in favor of objects native to that con-

text. Figure 3 shows an example where our method mistakes

a sheep for a cow. Whithin the same context, “Animal” in this

case, the unary potentials are crucial to successful recogni-

tion of objects. Incorporating shape features could get around

this problem. We intend to investigate intra-class separability

further in future work.

5. CONCLUSION

In this paper, we present a new Context-based dense CRF

model for automated image labeling task which is robust to

initialization errors of unary potentials. We implement the

context-based approach by integrating a new node in the CRF

graph which accounts for the overal context that the image im-

plies. Embedding the context node provides the grounds for

joint maximization of labeling configuration and image con-

text. Using the information from the context node, the model

has the flexibility to modify wrong merely-appearance-based

initializations of the unary potentials and study other more

likely labels in the current context. We define the context-

based unary and pairwise potentials for the new dense model

and further, develop an efficient inference algorithm for the

proposed model. Quantitative performance evaluation over

the MSRC-21 database demonstrates 21% enhanced recogni-

tion rate of the peoposed context-based model over conven-

tional dense CRF. Qualitative evaluation shows good inter-

class separability power of the new model; in future work we

will investigate boosting the intra-class separability.

Fig. 2. Example labeling results on MSRC images. From left

to right the columns illustrate original image, ground truth

labeling, unary initialization from [5], results by dense CRF

method [11] and results by our context-based approch.

Fig. 3. Example labeling error by context-based CRF
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