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Abstract
We present a discriminative latent topic model for scene
recognition. The capacity of our model is originated from
the modeling of two types of visual contexts, i.e., the category specific global spatial layout of different scene elements, and the reinforcement of the visual coherence in uniform local regions. In contrast, most previous methods for
scene recognition either only modeled one of these two visual contexts, or just totally ignored both of them. We cast
these two coupled visual contexts in a discriminative Latent
Dirichlet Allocation framework, namely context aware topic
model. Then scene recognition is achieved by Bayesian inference given a target image. Our experiments on several
scene recognition benchmarks clearly demonstrated the advantages of the proposed model.

1. Introduction

Figure 1. Modeling of four levels of visual information in a scene
image: scene (e.g.,“street”), scene elements (e.g., “sky”, “building”, “road”), image regions (shown with red contour), image
patches (shown with green circle), where the global context indicates the spatial layout of scene elements, and local context indicates the relationship of image patches within an image region.

Visual scene understanding is an active research topic in
computer vision. The statistics of the local appearance of
an image often provide valuable visual cue for scene recognition. This partly foster the popularity of the bag-of-words
(BoW) model, in which local features extracted from an image are first mapped to a set of visual words by vector quantization. An image is then represented as a histogram of visual word occurrences, which naturally encodes the statistics of local features.
The BoW representation largely facilitates the applications of latent topic models invented from document understanding literature for the task of scene recognition, such
as probabilistic Latent Semantic Analysis (pLSA) [10] and
Latent Dirichlet Allocation (LDA) [3]. For example, Feifei et al. [6] exploited LDA for scene category recognition.
Sudderth et al. [21] presented a hierarchical topic model for
part based object and scene category recognition, where the
parts can be shared among different visual categories.
Sudderth et al.’s model [21] represents a scene image
in a three-layer hierarchy, i.e., the top level corresponds to a
scene (e.g., “street”, “coast”, “forest”), the middle level corresponds to a set of scene elements (e.g., “buildings”, “sky”,

“mountain”), and the bottom level corresponds to a set of
image features extracted from local image patches. Therefore, it models how a scene image is generated by some
scene elements and visual words without the requirement
of labeling scene elements.
Though effective, these models are unsupervised in nature, which do not make effective use of the supervised information. This largely motivates recent work on the exploration of supervised topic models [11, 18, 2] for visual
recognition. According to different schemes used for leveraging supervised information, supervised topic models can
be classified into two categories: downstream model and
upstream model [24].
For downstream model, the supervised response variables are generated from topic assignment variables, such
as the sLDA model [2]. For upstream model, the response
variables directly or indirectly generate latent topic variables, such as the DiscLDA model [11], which are wellmotivated from human vision research. Both downstream
and upstream supervised topic model have been utilized for
scene recognition in the past. For example, Wang et al. [22]

extended sLDA [2] for simultaneous image classification
and annotation. Niu et al. [18] extended DiscLDA [11] for
visual recognition by modeling the spatial arrangement of
object parts or scene regions.
On the other hand, many previous topic models employ
the BoW representation directly, which totally ignore the
spatial context of the local features. As already revealed
in previous works [12, 9, 5, 20, 13, 8, 18, 22], contextual
information such as the interaction/relationships among local image features, image regions, and object/scenes provide beneficial information in disambiguating visual words,
which often leads to better recognition performance. There
are two ways for modeling contextual information: one focuses on modeling the spatial layout of image patches or
objects, which is named as global context since the image coordinates of image patches or objects are exploited;
the other focuses on modeling the relationship of neighbor
image patches or objects, which is named as local context
since the distance between image patches or objects is exploited.
To model the global context, the location information of
image patches (i.e., local features) is exploited [8, 12, 5, 20,
13, 16, 18]. To list a few, the shape of an object is represented by the mutual position of parts in [8]. Spatial pyramid matching (SPM) [12] and its discriminative variant [9]
have demonstrated very good performance on both scene
and object recognition tasks. Cao et al. [5] generate a series of ordered bag-of-features by projecting local features
to different lines or circles. Su et al. [20] construct multiple semantic context specific bag-of-words histograms to
represent an image. By representing an image in a hierarchical structure. Several previous works [13, 16, 18] have
explored to model the contexts of “scene/object”-“scene elements/object parts”-“image patches” for more robust scene
recognition or scene parsing.
To model the local context, the relationship of neighbor
image patches is exploited [23, 17, 4]. Wang et al. [23] propose SLDA for discovering object classes from a collection
of images. In SLDA, visual words (e.g., an eye patch and
a nose patch), which often occur in the same images and
are close in space, are clustered into one topic (e.g., a face).
Similar to shape context histogram, a spatial histogram with
distance approximately in log scale is exploited for spatial
feature in [17]. Cao et al. [4] propose a topic model where
visual words in a coherent local region share the same topic,
which proved to be an very effective local context model.
As pointed out in [18, 16], spatial layout of key scene
elements in a specific scene category provides important
global context for scene understanding. This can be clearly
demonstrated by studying the LabelMe natural scene image
dataset [16], as shown in Figure 2. As we can observe, different scene category has different global spatial layout of
the scene elements (e.g., “car”, and “buildings”, etc.), and

(a) spatial layout of some scene
elements for scene “street”

(b) scene element “sky” for different scene categories

Figure 2. Global context of scene elements. The per-pixel frequency counts of the scene elements are shown by the color of
pixels.

the same scene elements (e.g., the sky) also often account
for different spatial regions in images from different scene
categories.
Intuitively, the global and local spatial contextual information are complementary to each other. Therefore, jointly
model both of them would be beneficial for scene understanding. In this paper, we propose such a model, namely
context aware topic model which captures both global and
local contexts, for scene recognition. To the best of our
knowledge, there is few work which had jointly modeled
both the global and local contextual information for scene
recognition.
As illustrated in Figure 1, our model captures four level
of visual information, i.e., a scene image is comprised of
some scene elements; each scene element is comprised of
some image regions; each region is comprised of some image patches. In the proposed model, the scene elements are
represented with latent topic variables, and the assignment
of topic is performed at image region level.
In other words, the topic of image region indicates which
scene element it comes from. Since topic is assigned to image region, the image patches within one region will share
the same topic, which is similar to the model setting of
Cao et al. [4]. Therefore, our model captures local spatial context by reinforcing the visual coherence in uniform
local regions.
Moreover, our model captures the category specific spatial layout in a non-parametric fashion, which is more
proper than the spatial Gaussian distribution utilized in the
S-DiscLDA model [18]. This is justified by the example
shown in Figure 2(a). It is obvious that pixels associated
with the scene element “building” in the “street” scene appear at two separate areas, which cannot be modeled well
by a single Gaussian distribution.
Our model is also very flexible. When the scene-element
spatial layout distribution can be obtained off-line, e.g., we
can easily build one from the labeled data published by
Liu et al. [16], we can consume it directly. When it is
not available, we can automatically learn it from the data
in the training phase. Scene recognition is hence performed
by Bayesian inference over the proposed model. Our main

Table 1. The notations of variables and distributions.
Notations

Descriptions

d = 1, ..., D
dr = 1, ..., Rd

The index of images.
The index of image regions.
The index of image patches within region dr.
The scene label of image d.
The topic of regions dr (i.e., the scene
element that image region comes from).
The visual word of dr (i.e., appearance
of image region).
The visual word of dn (i.e., appearance
of image patch).
The image coordinates of dr (i.e., location of image region).

dn = 1, ..., Ndr
yd = 1, ..., C
udr = 1, ..., K1
adr ∈ {vir }A
i=1
wdn ∈ {vip }W
i=1
(a) S-DiscLDA

(b) CA-TM

ldr = (xdr , ydr )

Figure 3. Comparison between S-DiscLDA and CA-TM

contribution is therefore a unified discriminative latent topic
model which jointly models both the global and the local spatial context. It leads to a robust scene recognition
algorithm that exhibits competitive performance on several scene recognition benchmarks when compared with the
state-of-the-art.

p(adr |udr , Ψ)

p(wdn |udr , Φ)

p(ldr |udr , R)

the dist. of adr over region codebook {vir }A
i=1 (i.e., region appearance
for scene element udr ).
the dist. of wdn over patch codebook {vip }W
i=1 (i.e., patch appearance for
scene element udr ).
the dist. of ldr over image coordinates
plane (i.e., region location for scene element udr ).

2. Context aware topic model
To represent a natural scene image with topic model, we
first segment it into regions dr [7] and extract image patches
dn within each region; the region visual word adr is used
to represent the appearance of the region, where the corresponding region codebook {vir }A
i=1 can be obtained offline by vector quantization of region features (e.g., color,
texture); the image coordinates ldr of the region center is
used to represent the location of region; the patch visual
word wdn is used to represent the appearance of each image
patch, where the corresponding patch codebook {vip }W
i=1
can also be obtained offline by vector quantization of patch
features such as SIFT.
The graphical model of our proposed context aware topic
model (CA-TM) is shown in Figure 3(b). For ease of understanding, we summarize the notations of variables and parameters in the proposed model in Table 1. In the proposed
visual representation, scene images are treated as “documents”; scene elements are treated as “topics”; region visual words and patch visual words are treated as “words”.
We cast our model in a discriminative Latent Dirichlet Allocation framework (i.e., DiscLDA) because of its ability to
classification. The generative process of an image with our
model can be described as follow:
1. For image Id , draw topic proportions θd ∼ Dir(α);
2. For each region dr, select a topic zdr ∼ Multi(θd );
3. Given zdr and image label yd , select another topic udr
through selection matrix T yd ;
4. For each region dr and its corresponding udr :

(a) Draw a region visual word to represent its appearance adr ∼ Multi(Ψ);
(b) Draw its location ldr ∼ p(ldr |R, udr );
(c) For each image patch dn within the region dr:
i. Draw a patch visual word to represent its appearance wdn ∼ Multi(Φ)
Previously, Niu et al. [18] have presented a S-DiscLDA
model for visual recognition, which is also built upon the
framework of DiscLDA. For comparison with our proposed
model, we present the S-DiscLDA model in Figure 3(a).
There are some significant differences between S-DiscLDA
and our CA-TM model. Firstly, only the spatial distribution
of image patches is encoded by R in S-DiscLDA (i.e., ldn
is the location of image patch), while both global and local
spatial context are modeled in CA-TM. More specifically,
the global context of image region is encoded by R (i.e., ldr
is the center of image region); and the local context of image patch within one region is encoded by enforcing them
to share the same topic. Secondly, R refers to the parameters of spatial Gaussian distributions in S-DiscLDA, and
it refers to the values of a spatial histograms in CA-TM.
The latter captures the category specific spatial layout in a
non-parametric fashion, which is more proper than Gaussian distribution.
According to Figure 3(b), it is easy to figure out that the
joint distribution p(ad , ld , wd , zd , ud ) given an image Id
in the CA-TM model can be factorized as

3.2.1 Learning global context

Figure 4. Given global context, we can directly obtain R. Given
the spatial layout of scene elements, we get the histograms by sampling the continuous spatial layout.

p(ad , ld , wd , zd , ud |yd , α, T, R, Ψ, Φ)
Rd 
Y
= p(θd |α)
p(zdr |θd )p(udr |zdr , yd , T )
dr=1

× p(adr |udr , Ψ)p(ldr |udr , R)

N
dr
Y

dn=1


p(wdn |udr , Φ) (1)

3. Model learning
3.1. Problem formation
Given a corpus of scene images with class labels
{yd , ad , wd , ld }D
d=1 , we find the maximum likelihood estimation for the appearance of image patches (w.r.t. Φ), the
appearance of image regions (w.r.t. Ψ), and the location
distribution of image regions (w.r.t R). More formally, we
have
{Φ∗ , R∗ , Ψ∗ } = argmaxp(yd , wd , ld , ad |Ψ, Φ, R)

(2)

Φ,R,Ψ

3.2. CA-TM learning
We propose an iterative algorithm to learn the model parameters, which alternatively estimates the global context
and the appearance of scene elements:
1. Initialization-step: We use many topics to represent a
scene and initialize their spatial layout. Then we obtain
the appearances of these topics;
2. Iteration-step: Merge topics and update their spatial
layout and appearances:
(a) Context-step: Given the appearances of topics
(i.e., Φ, Ψ), we merge topics with similar appearances, and update their spatial layout.
(b) Appearance-step: Given the updated spatial layout of topics (i.e., R), we estimate their appearances (i.e., Φ, Ψ) similar to Griffiths and
Steyvers’s method.
Note that when the global context is available offline
(e.g., from the labeled pixels in the LabelMe dataset), we
can directly obtain R according to the spatial prior as shown
in Figure 4. Then for learning the proposed model, we only
need to estimate (Φ, Ψ) by running the Appearance-step.

In the Context-step, we should learn the global context from
training data, i.e., learn the spatial layout of scene elements.
Since the appearances and spatial layout are learned alternatively, the Initialization-step is necessitated to provide a
good start point. For that, we adopt a scheme by merging topics and updating their appearances and spatial layout.
Specifically, in the Initialization-step, we densely divide the
image into blocks, and each block is initially assigned with
a topic. So the number of topics is the same as the number of blocks. Because of the dense partitioning, one scene
element may cover several blocks, and thus is represented
by several topics. For learning global context, we expect
one scene element to be represented by only one topic. So
we need to merge topics corresponding to the same scene
elements in the Iteration-step.
It is obvious that the topics corresponding to the same
scene element usually have similar appearances. Therefore
we merge similar topics and use a new topic to represent all
of them. The new topic will cover all the cells that was covered by the merged topics. By doing so, the number of topics will decrease, and the spatial layout of topics will be updated. In practice, the appearance of topic k is measured by
ψ(k), and the similarity between two topics is hence measured by their Euclidean distance. This way, we can merge
similar topics, and only use one topic to represent one scene
element.
3.2.2 Learning the appearance
The key step for learning appearance of topics (i.e. Φ and
Ψ) is the evaluation of p(zdr , udr |ad , ld , wd , yd , R). We
resort to Gibbs sampling to estimate this posterior distribution, i.e., we generate samples from
p(zdr , udr |z−dr , u−dr , ad , ld , wd , yd , R)
=

p(zd )
p(ad |ud )
· Ty
·
·
p(z−dr ) udr zdr p(a−dr |u−dr )
p(wd |ud , β)
p(ldr |udr , R) ·
p(w−dr |u−dr , β)

(3)

All the items except the last one in Equation 3 are similar
to standard LDA model, so we present its detailed form in
Equation 4, i.e.,

p(wd |ud , β)
=
p(w−dr |u−dr , β)

Q

v∈wdr

q(dr,v)

Pm(v,udr )+β−1

Ndr
Pm(u
dr )+β−1

(4)

where q(dr, v) stands for the number of image patches with
visual word v and within region dr. m(v, udr ) stands for the
number of times that topic udr is assigned to visual word v,

and m(udr ) stands for the number of times that topic udr is
assigned to words. P stands for P-permutation.
With the samples from the posterior distribution, we can
estimate Φ and Ψ. The estimation of Ψ is the same as in
standard LDA, we only give the estimation of Φ here. Since
p(φk |u, w) ∼ Dir({β + m(v, k)}W
v=1 ), we can estimate Φ
by normalizing the Dirichlet paraments as
m(v, k) + β
φk (v) =
m(k) + W β

(5)

4.1. Problem formation
To recognize the scene category of an input image, we
first represent it with visual words (i.e., adr , wdn ) and
overly segment the image to extract region locations (i.e.,
ldr ). With model parameters (i.e., Ψ, Φ, R) obtained in
learning phase, we can recognize the scene category of the
input image by maximum a posteriori (MAP) estimation of
the image label

argmax



p(yd |wd , ld , ad , T, Ψ, Φ, R)

p(zdr |z−dr , ad , ld , wd , yd )
p(zd )
p(ad |zd , yd )
·
·
p(z−dr ) p(a−dr |z−dr , yd )
p(ld |zd , yd )
p(wd |zd , yd )
·
p(l−dr |z−dr , yd ) p(w−dr |z−dr , yd )
=

(10)

All the factors except the last one in Equation 10 are similar
to standard LDA model. Its exact form is

4. Inference and recognition

y∗ =

(i)c

To sample zd , we resort to Gibbs sampling to sample
from the conditional probability

(6)

N
dr
i
Xh
Y
p(wd |zd , yd )
d
=
Tuydr
Φwdn udr . (11)
zdr
p(w−dr |z−dr , yd )
u
dr

dn=1

5. Experiments
We evaluate the CA-TM model on three scene datasets,
ranging from generic natural scene images (Scene 15 and
LabelMe 8-class scene dataset) to complex event and activity images (UIUC-Sports). Scene classification performance is evaluated by averaging multi-way classification
accuracy over all scene classes in each dataset. We list below the experimental setting for each dataset:

yd ∈{1,2,...,C}

4.2. Inference via bridge sampling
We leverage bridge sampling to estimate the maximum a posterior.
Specifically, denote qc (zd ) =
p(wd , ld , ad , zd |yc ), we have
p(yc |wd , ld , ad )
p(yc ) Zc
=
p(y1 |wd , ld , ad )
p(y1 ) Z1
Z
where Zc = qc (zd )dzd

(7)

So instead of directly estimating the posterior probability, we can estimate the ratio Zc /Z1 , c = 2, 3, ..., C using
(i)c
bridge sampling. Specifically, we need to sample zd from
p(zd |yc , wd , ld , ad ) and estimate the ratio as
PM
(i)1
hc1 (zd )
Zc
≈ Pi=1
(i)c
M
Z1
)
i=1 h1c (zd
s
Y p(wdr , ldr , adr |zdr , ya )
where hab =
p(wdr , ldr , adr |zdr , yb )

(8)

dr

where
p(wdr , ldr , adr |zdr , y)
N
dr
i
Xh
Y
=
Tuydr zdr Ψadr udr p(ldr |udr , R)
Φwdn udr (9)
udr

dn=1

• Scene 15: This is a dataset of 15 natural scene classes,
which contains 4482 gray-scale images with different
size. We normalize them in size of 256 × 256 pixels,
and use 100 images in each class for training and rest
for testing. The gray histogram features are extracted
in each image region [14].
• LabelMe: This is a dataset of 8 natural scene classes,
which contains 2688 color images of the same size
(256 × 256).
• UIUC-Sports: This is a dataset of 8 complex event
classes, which contains 1574 color images with different sizes. We normalize them in size of 250 × 250
pixels.
For the last two datasets, we randomly split them into
training and testing datasets with equal size; The color histogram features are extracted in each image region [14]. For
all dataset, we vector quantize region features into a region
codebook of size 100. Each image is first over-segmented
into 90 small coherent regions by using the code provided
by Felzenszwalb et al. [7]. We then discard small regions
which are smaller than certain size. We then densely extract
SIFT features from 10 × 10 image patches within each region. These SIFT features are quantized to form an image
patch codebook of size 500.

5.1. Scene classification
Figure 6 summarizes the scene classification results
of our CA-TM model and other state-of-the-art methods.

(a) UIUC-Sports: ‘DiscLDA+GC ’. (b) UIUC-Sports: CA-TM. avg. ac- (c) LabelMe: ‘DiscLDA+GC ’. avg.
avg. accuracy: 70%
curacy: 78%
accuracy: 81%

(d) LabelMe: CA-TM. avg. accuracy: 87%

Figure 5. Comparisons using confusion matrix. (a) ‘DiscLDA+GC ’ on the UIUC-Sports dataset. (b) CA-TM on the UIUC-Sports dataset.
(c) ‘DiscLDA+GC ’ on the LabelMe dataset. (d) CA-TM on the LabelMe dataset.

These methods can be categorized into two classes: 1)
methods based on unsupervised topic model; 2) methods
based on supervised topic model. For the first category,
topic model usually is used as a generative model for classification, or is combined with an off-the-shelf classifiers such
as liner SVM. In Fei-Fei and Perona’s method [6] (i.e., the
1st bar), each scene category is modeled as one LDA, and
an input image is classified by selecting the model which
maximizes the likelihood function. Cao et al. [4](i.e., the
2nd bar) and Li et al. [14](i.e., the 4th bar) extend the
model of [6] by encoding local spatial context. Li and
Fei-Fei [13](i.e., the 9th bar) further improve the performance by jointly categorizing of events, scenes, and objects. Li et al. [15] (i.e., the 10th bar) represent image as
a response map of Object Bank (i.e., a large number of pretrained generic object detectors), and use linear SVM classifier for scene recognition, which achieved the state-of-theart results on UIUC-Sports dataset.
For the second category, supervised topic model can recognize scene image directly. The Corr-LDA [1](i.e., the 3rd
bar) and sLDA [22] (i.e., the 5th bar) can be used for scene
classification. S-DiscLDA [18] (i.e., the 6th bar) presented
a part based model for visual recognition. Zhu et al. [24]
(i.e., the 8th bar) proposed a joint max-margin and maxlikelihood learning method as a upstream supervised topic
model for scene understanding.

As shown in Figure 6, in general the supervised topic
models achieve better performance than unsupervised ones.
And upstream supervised models achieve better performance than downstream supervised ones. In particular, the
proposed CA-TM model performed the best when compared with all other algorithms summarized above.
The comparison of classification results on Scene 15
dataset is shown in Figure 7. The proposed CA-TM model
performed better than BoW [12], SPM [12], and Object
Bank [15], and is only inferior to a recent work which leveraged semantic context trained from additional data [20].
By using semantic contexts that trained from other datasets
(e.g., PASCAL 2007), Su et al. [20] constructed multiple semantic context specific BoW histogram (i.e., C-BoW), and
achieve the best results on Scene 15 dataset. In this sense,
Su et al.’s model [20] leveraged additional knowledge from
external dataset, while our proposed model did not. Besides, the semantic context they modeled should be complementary to the local and global spatial contexts we cast into
our model. Hence we expect that combining their approach
with ours will give further improvement in scene recognition accuracy, which is part of our future exploration.

5.2. Influence of global and local context
In CA-TM, the global and local contextual information were jointly modeled in a supervised topic model.
So we should explore how the recognition performance
is influenced by them. We demonstrate it by comparing
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Figure 6. Comparison of classification results on UIUC-Sports
dataset.

Figure 7. Comparison of classification results on Scene 15 dataset.
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(b) The ground truth.

Figure 9. Learning global context, i.e., spatial layout of scene elements, on LabelMe dataset.
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Figure 8. Comparison of classification results between DiscLDA
, ‘DiscLDA+GC ’ and CA-TM models on both UIUC-Sports and
LabelMe dataset.

three models on both UIUC-Sports and LabelMe datasets,
which are 1) DiscLDA without any contextual information;
2) modeling only the global context into DiscLDA (‘DiscLDA+GC ’); and 3) jointly modeling both the global and
the local context into DiscLDA (‘CA-TM ’).
As shown in Figure 8, the modeling of global context can improve the performance from 67% to 70% on
UIUC-Sports dataset, and from 79% to 81% on LabelMe
dataset; jointly modeling both the global and the local context can further improve the performance to 78% on UIUCSports dataset, and to 87% on LabelMe dataset. The confusion matrix of DiscLDA+GC and CA-TM on these two
datasets are shown in Figure 5. Moreover, by comparing
S-DiscLDA [18] and DiscLDA+GC, it is obvious that encoding global context in a non-parametric fashion is better
than Gaussian distribution.

5.3. Influence of topic number
When modeling scene with topic model, we assume that
each topic corresponds a scene element. So it is expected
that we can discover and represent more scene elements
with more topics. However, the performance of recognition may not be improved monotonically when the number of topics is increased [6]. Indeed, the performance may
be relatively independent of the number of topics for some
dataset [19]. Thus, there is a upper bound for recognition
performance, which cannot be improved by simply increasing the number of topics.
In this experiment, we will demonstrate that the bound
can be significantly improved by encoding global and local contextual information. In Figure 10, we demonstrate
how the performance will be improved for the three models,
i.e.,DiscLDA , ‘DiscLDA+GC ’ and CA-TM. We can see
that encoding global context can improve the performance;
furthermore, jointly encoding global and local context can
significantly and consistently improve the performance. It
is noted that contextual information can improve the performance as the number of topics increasing, but there is

still a saturation point in recognition performance. As the
red line shows in Figure 10, the performance saturates when
the number of topics is larger than certain value.

5.4. Learning global context
In the CA-TM model, the global and local contextual
information are jointly encoded into a discriminative topic
model. However, the global context, i.e., spatial layout of
scene elements, is usually not available as a prior. So we
will need to learn it from the training data in the training
phase.
We illustrate the results of learning spatial layout on the
LabelMe dataset in Figure 9. Since the scene element in LabelMe dataset has already been labeled manually, as shown
in Figure 11, we can easily obtain the exact spatial layout of
the different scene elments for the LabelMe dataset, which
serves as the ground truth for evaluating the estimation from
our learning algorithm, as shown in Figure 9(b). Comparing
Figure 9(a) and Figure 9(b), we can see that the proposed algorithm largely and correctly estimates the spatial layout of
the different scene elements.

6. Conclusion and future work
In this paper, we present a context aware discriminative
latent topic model for scene recognition. Global and local
spatial context were jointly modeled in a discriminative Latent Dirichlet Allocation framework. Our extensive experiments on several scene recognition benchmarks clearly validate our hypothesis that both global and local spatial con0.8
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Figure 10. Accuracy as a function of the number of topics on the
UIUC-Sports dataset for DiscLDA , ‘DiscLDA+GC ’ and CA-TM.

Figure 11. Spatial layout of scene elements for 8 scene categories
in LabelMe dataset. The per-pixel frequency counts of the scene
elements are shown by the color of pixels. It is the global contextual information for LabelMe dataset. Compared with prior
in [16], this prior is category specific spatial layout of scene elements.

text are useful in improving the performance scene recognition, and they are complementary to each other. Our future
work will explore means of extending the proposed CA-TM
model for joint scene recognition and decomposition. We
will also try to extend the model temporally for video scene
decomposition.
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