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Scene recognition involves complex reasoning from low-level local features to high-level scene cate-
gories. The large semantic gap motivates that most methods model scenes resorting to mid-level
representations (e.g. objects, topics). However, this implies an additional mid-level vocabulary and has
implications in training and inference. In contrast, the semantic multinomial (SMN) represents patches
directly in the scene-level semantic space, which leads to ambiguity when aggregated to a global image
representation. Fortunately, this ambiguity appears in the form of scene category co-occurrences which
can be modeled a posteriori with a classifier. In this paper we observe that these patterns are essentially
local rather than global, sparse, and consistent across SMNs obtained from multiple visual features. We
propose a co-occurrence modeling framework where we exploit all these patterns jointly in a common
semantic space, combining both supervised and unsupervised learning. Based on this framework we can
integrate multiple features and design embeddings for large scale recognition directly in the scene-level
space. Finally, we use the co-occurrence modeling framework to develop new scene representations,
which experiments show that outperform previous SMN-based representations.

& 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Visual understanding is essentially a complex process of
abstraction, from purely local visual information to abstract
semantic entities such as objects and scenes. The conventional
visual recognition strategy has consisted of extracting local visual
features [1], and encoding them into a global representation of the
image using some variation of the bag-of-words (BOW) model [2–
5]. While very effective for object recognition, scenes often require
more abstract representations composed of other lower-level
semantic entities, such as objects or themes, which appear in
the scene in a loose layout, contrasting with the much more rigid
structure of parts in objects. Thus, it may be difficult to model
scene categories directly from low-level visual descriptors, due to
a larger semantic gap.

An intermediate abstraction level can represent the presence of
local concepts (e.g. sky, rock, street, car) [6] (see Fig. 1a and c), and
then scene categories (e.g. coast, inside city, kitchen) are recognized
based on this intermediate representation. Thus, the semantic gap
ong),
(L. Herranz),
du.cn (K. Zheng).
is reduced by performing the abstraction gradually in two steps.
Note that now several problems arise related with the mid-level
representation. First, it requires selecting a set of mid-level voca-
bulary of local concepts. In addition, training intermediate classi-
fiers [6–8] requires images with regions annotated with these
mid-level concepts, which is much more costly than annotating
just one scene label. Some works avoid this problem by using
latent topics for the intermediate representation [9–11], where
topics are discovered during learning. However, these methods
often have limited performance due to poor supervision [12], and
are often based on complex generative models difficult to scale to
large datasets.

Alternatively, the semantic multinomial (SMN) [13] represents
the probability that a given patch belongs to each scene category,
being a local but not mid-level representation. Image-SMNs are
obtained by aggregating patch-SMNs (see Fig. 1a and d). Thus, both
regions and images use the same semantic space, both are in the
scene level, without need for mid-level vocabulary nor local
annotation. Patch models are learned using weak-supervision via
the scene category label (i.e. all the patches share the same label).
Patches independently represent different lower-level concepts
that may be also common in other scene categories (e.g. patches
depicting walls are common in bedroom, livingroom and office). For
this reason, weakly supervised learning leads to the particular
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Fig. 1. Scene category co-occurrences: (a) categories and mid-level local concepts, (b) images from the open country (top row) and tall building (bottom row) categories,
(c) regions with their corresponding mid-level concepts, (d) regions modeled in terms of scene categories, and (e) resulting image-SMNs. Note that categories co-occurrences
appear both at global (e) and local (d) levels.
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phenomenon of (scene) category co-occurrences1: related scene
categories, sharing regions with the same mid-level concepts, will
always show certain probability in their image-SMNs [13] (see
Fig. 1e). This problem makes SMNs too ambiguous and prevents
them from being reliable to predict the scene category. For-
tunately, Rasiwasia and Vasconcelos [13,14] showed that these
category co-occurrences are consistent across the images in the
same category, so they can be modeled with a second classifier,
that separates them from purely accidental co-occurrences, that
can be regarded as noise. Thus, the co-occurrence noise is simply
the noise in the probabilities that compose the SMN, and appears
due to the intrinsic ambiguity of the underlying patch repre-
sentation learned with weak supervision via scene labels. The
main motivation in our paper is to find more robust ways to
exploit consistent co-occurrences to better model scene cate-
gories, while filtering out co-occurrence noise.

In this sense, previous frameworks [13,14] have several lim-
itations, notably considering category co-occurrences only at global
level, using only supervised modeling over asingle feature. In this
paper we propose a broader and integrated view of scene category
co-occurrences, which provides us with an alternative framework
to address many problems exploiting the common semantic space
(i.e. the simplex of scene categories) for both patches and images,
and across different visual features. Since co-occurrences are
essentially local (see Fig. 4c), we also focus on modeling the co-
occurrences locally. However, since patch-SMNs are much noisier
than image-SMNs (global), we exploit the common space also to
integrate multiple features, obtaining more consistent SMNs. In
addition and in contrast to previous works, where modeling is
only supervised, we include an unsupervised filtering approach,
and an extended kernelized version, and propose two new
1 In [13], the authors use the term contextual co-occurrences to refer to con-
sistent and thus desirable co-occurrence patterns. Here, we refer to them as (scene)
category co-occurrences to emphasize that they are high-level categories rather
than low or mid-level co-occurrences. Similarly, we use the term co-occurrence
noise instead of contextual noise.
representations suitable for large scale classification. From more
general to more specific, there are three levels of contributions:

� A more general framework for modeling scene category co-
occurrences.

� Within this framework we develop new tools described in terms
of modeling category co-occurrences, such as the integration of
multiple features in the semantic space and unsupervised fil-
tering of co-occurrence noise.

� Three different semantic representations (filtered SMNs, co-
codes and KCNF embedding), two of them suitable for large
scale classification with linear classifiers.

The overview of the framework is shown in Fig. 2 with the
proposed components and features highlighted. We organized the
rest of the paper as follows. Section 2 reviews previous works in
related areas. Sections 3, 4 and 5 introduce the proposed frame-
work, category co-occurrence modeling techniques and semantic
representations, respectively. Experimental evaluations and con-
clusions are presented in Sections 6 and 7.
2. Related work

2.1. Intermediate representations for scene recognition

Vogel and Schiele [6] proposed to model natural scenes in two
steps, using a local mid-level representation of local concepts such
as water, rocks or foliage. Similarly, Object bank [11] uses classifiers
learned from ImageNet and includes multiple scales, as in a spatial
pyramid [18], to obtain a more descriptive representation. Locality
in the intermediate representation is not always necessary. The
classemes representation [8] is based on a set of fixed basis classes.
Attributes [19,20] follow a similar idea, where classifiers are
trained to detect whether certain attributes are present or not.
Attributes can be modeled at both local and global levels, and
defined for both objects [19] and scenes [21].



Fig. 2. Overview of the scene recognition framework with the proposed new components highlighted, and the three types of semantic features.

Table 1
Semantic representations in different scene recognition approaches.

Approach Intermediate representations Uses external data

Name Abstraction level Local/global Vocabulary Explicit/implicit Labeling

BOW/FV [3,15,5] – – – – – – No
Mid-level [6,11] Themes/objects Medium Local Themes/objects Explicit Yes Sometimes
CNNs [16,17] CNN layers Low to high Local to global – – No Yes(very large)
CMN [13], SPMSM [14] SMN High Local/global Scenes Implicit No No
Proposed SMN High Local Scenes Implicit No No

Table 2
Approaches based on the semantic multinomial representation.

Approach Multiple features Co-occurrences modeling Feature embedding Classifier Spatial layout

Small dataset Large dataset Small dataset Large dataset

CMN [13] No Global None DMM – None
SPMSM [14] No Global None Square root Kernel SVM Linear SVM SPM
Proposed Yes Localþglobal Co-codes, KCNF Linear SVM SPM
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Latent topics are often modeled using Latent Dirichlet Alloca-
tion (LDA) [9,12]. However, most LDA variants have been shown to
capture irrelevant general regularities rather than the semantic
regularities of interest, due to poor supervision [12]. Spatial con-
text can be included to model the global layout and enforce local
coherence in the topics [10]. A series of related mid-level latent
representations, more focused on indoor scenes, are distinctive
parts [22,23] and exemplars [24,25]. Quattoni and Torralba [22]
observe that many indoor scenes can be clearly represented by the
objects they contain, and propose finding distinctive parts as mid-
level representations. This problem can be complex, as these mid-
level parts are unknown and must be discovered. Lin et al. [23]
jointly learn appearance and spatial pooling regions. Zuo et al. [24]
propose an approach to detect the exemplars, which is used to
hierarchically learn filter banks to transform raw pixel patches to
features. CNNs extract intermediate representations progressively
using multilayered neural networks [16]. While achieving
impressive results [17], the success of a CNN for scene recognition
is largely dependent on the pre-training dataset [17]. Table 1
compares several scene recognition approaches in terms of inter-
mediate representations.

Most relevant to this paper is the semantic multinomial (SMN)
[26] and the related approaches for scene recognition [13,14],
where both patches and images are represented in terms of scene
categories. In contrast to latent topics, the models for the two
stages can be learned independently, as SMNs are defined directly
over scene categories. This allows patch models to be learned
directly without resorting to LDA to discover a latent vocabulary.
Patch models are learned via weak-supervision using image labels,
and then a second classifier (referred to as contextual model in
[13]) will correct the ambiguity resulting from the weak labeling.
This unconventional approach is mainly used in the contextual
multinomial [13] and the semantic manifold [14], which differ in
the contextual model (Dirichlet mixture models and SVMs,
respectively), and the latter using a spatial pyramid (see Section
3.1 for more details). Table 2 compares these approaches with the
proposed one in detail.

2.2. Large scale scene recognition

Computational efficiency is critical to scale to large datasets.
Most image recognition methods use SVMs with an appropriate
non-linear kernel. However, non-linear SVMs do not scale well for
large datasets, with a time complexity at least quadratic with the
number of the images [27]. In contrast, linear SVMs can be effi-
ciently learned in linear time. non-linear SVMs with a given kernel
are equivalent to linear SVMs in a certain feature space, so finding
an appropriate embedding to project into that feature space would
allow using linear SVMs and thus enable large scale classification.
Unfortunately, exact embeddings are rarely available in close form
or are too complex, so embeddings are often approximations [27].

In the case of SMNs, Kwitt et al. [14] suggest that the negative
geodesic distance kernel is suitable for the semantic space of
SMNs, and propose an approximate embedding. With this
approximation the accuracy decreases around 0.5–2%, but it
enables large scale classification in the semantic space using linear
classifiers. Here we propose an exact embedding that also
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integrates unsupervised filtering, outperforming in practice the
original NGD kernel even using non-linear SVMs.

Methods using explicit mid-level representations scale well to
large scale, as inference is split into two independent steps where
(linear) classifiers are trained independently. However, discovering
latent topics often require complex generative models (most being
variations of LDA [9,10,12]), which require costly iterative methods
which are only practical for relatively small datasets with few
categories and topics. Training CNNs is also very demanding, but
feasible in practice using efficient GPU implementations [16].

2.3. Multiple feature fusion

As independent features cannot capture the complexity of
visual scenes, combining multiple low-level features can improve
the performance by modeling complementary visual aspects
resulting in a better descriptive ability. Note that each visual fea-
ture lies in a different feature space, so combining multiple fea-
tures is not trivial. At region level, region descriptors frommultiple
features can be concatenated [28]. The color attention method [29]
combines shape and color, weighting the histogram of shape
visual words using concept-dependent color information. Or
multiple features are combined by learning and selecting a small
number of features [30]. At a global level, [31] uses multiple kernel
learning (MKL) to combine features using a kernel resulting from a
weighted average of each feature kernel. Lin et al. [32] combine
the multiple features by learning multiple BOW features, which
are used to guide the graph partitions.

However, combining multiple features in the semantic space
has not been explored. Our method exploits the semantic simplex,
which is common for all the features and thus provides a con-
venient way to combine them.
3. Scene category co-occurrence modeling framework

The proposed framework is built upon the semantic manifold
framework (in particular the extension SPMSM) [14], based itself
Fig. 3. Generative models used to obtain semantic representations of patches: (a) single
per patch), (c) multiple feature inference (one concept per image), and (d) multiple fea
on the SMN representation [26]. We first describe them, and then
analyze the different types of scene category co-occurrences
motivating the new extensions we include in the framework:
multi-feature combination and unsupervised modeling of category
co-occurrences (Section 4) and new semantic feature representa-
tions (Section 5). We combine these extensions in the common
semantic space, and each of them aims to model different types of
scene category co-occurrences. Fig. 2 shows the whole extended
framework with the different variations discussed in this paper.

3.1. Semantic multinomial and semantic manifold

The probability distribution of the semantic concepts (i.e. scene
categories) is estimated from a set of local visual features defined
in some visual feature space X. Each image from the dataset is
represented as a bag of local visual descriptors I ¼ fx1;…; xNg,
xnAX, densely sampled in a grid with N local patches. Given a
vocabulary of scene categories fw1;…;wMg, each image is labeled
with one of those M categories. As patch labels are not available,
conditional distributions PXjW ðxn jwÞ are learned using weak
supervision via image labels. Images are modeled using the gen-
erative process shown in Fig. 3a, in which a scene category w is
first sampled, and then N (patch) feature vectors are generated
from PX jW ðxn jwÞ [13]. Given a new image, the category can be
predicted using the Bayes rule

PW jXðwj IÞ ¼∏N
n ¼ 1PX jW ðxn jwÞPW ðwÞ

∏N
n ¼ 1PXðxnÞ

ð1Þ

which assumes a uniform prior for PW ðwÞ. Each patch model PX jW
ðxn jwÞ is modeled as a Gaussian mixtures model (GMM), learned
over a training set with D images.

Once we have learned the GMMs, we can estimate the dis-
tribution of concepts for a new image I using the posterior prob-
ability PW jXðwj IÞ. For a vocabulary with M scene categories, the
vector of posterior probabilities s¼ ðs1;…; sMÞT with sw ¼ PW jXðwj
IÞ is referred to as the semantic multinomial (SMN) of the image I
[26]. The SMN is a probability vector of concepts that lies in the
simplex ΔM�1 (referred to also as semantic space or semantic
feature learning (one concept per image), (b) single feature inference (one concept
ture inference (one concept per patch).
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simplex). The whole process can be seen as a mapping from the set
of local visual descriptors in the image to the semantic space.
Finally, given a new image, a label can be predicted from a SMN by
simply selecting the concept with maximum probability (we will
refer to this decision method as Bayes classification).

Similarly, we can also use this mapping over patches to extract
local SMNs. This alternative view allows us to infer the image-SMN
from patch-SMNs, using some a certain patch-to-image operation.
In particular, for (1) the corresponding operation is just a product
of the semantic multinomials

sw ¼Ωprod
w ðIÞ ¼ ∏

N

n ¼ 1
snw ð2Þ

where

snw ¼ PW jXðwjxnÞ ¼
PX jW ðxn jwÞPW ðwÞ

PXðxnÞ
ð3Þ

is the w-th element of the patch-SMN sn. This is equivalent to
using the same generative model of Fig. 3a to infer the image-SMN
from patches.

However, directly using the image-SMNs learned with (2) for
classification (i.e. predicting the category with maximum prob-
ability in the SMN) has some limitations. As Rasiwasia and Vas-
concelos [13] observed, using (2) and (3) for inference results in
highly peaked SMNs, with one category with a probability close to
one, and the rest having very low probability (i.e. very low
entropy). However, the recognition accuracy is limited, and these
overconfident SMNs prevent from any further processing to cor-
rect a wrong prediction. The underlying generative process of
Fig. 3a, used to learn the patch models, implies that one concept is
sampled per image and then N patch visual appearances xn are
generated according to that concept. The main reason to use this
model is that we lack patch labels. However, a different model can
be used for inference during the test stage. The contextual multi-
nomial [13] and the semantic manifold [14] use an alternative
model where patches are independent (see Fig. 3b). In this case,
one concept is sampled per patch, and then the corresponding
visual appearance xn is generated. This process is repeated N times
per image. Using this model, the contextual multinomial approach
[13] uses the geometric mean to infer image-SMNs (rather than
the product resulting from the model of Fig. 3a). Similarly, the
semantic manifold framework [14] uses a voting method, which is
the method we will use in our experiments. First, a scene label is
assigned to each patch as wn

n ¼max
w

snw . Then a histogram is

obtained by counting the occurrences of each scene label in the
image as ow ¼ j fwn : wn

n ¼wgj . The image-SMN s is obtained as

sw ¼Ωvot
w ðIÞ ¼ owþβ�1PM

w ¼ 1ðowþβ�1Þ
ð4Þ

where β is a regularization parameter.
Fig. 4. Images from forest (top row) and office (bottom row) categories of the 15 scenes d
with higher bars for categories with higher probability. Consistent co-occurrence patt
mountain and opencountry for forest; bedroom, kitchen and livingroom for office), while
noise).
Fig. 4 shows image-SMNs obtained from for images from two
different categories. This alternative inference (independent pat-
ches) method results in SMNs with higher entropy, and with more
categories having noticeable probabilities. The key observation is
that, for a given category, those categories with significant prob-
ability are often the same, and follow a similar pattern in the
image-SMNs (e.g. note that forest, mountain and opencountry, the
top row of Fig. 4). We refer to them as scene category co-
occurrences (or co-occurrence patterns). Note that we can
observe that these patterns are repeated across all the images-
SMNs in the same category, and thus can be modeled. This is the
main idea underlying in the contextual multinomial [13] and the
semantic manifold [14] approaches. We emphasize the importance
of using the model in Fig. 3b, since inferring image-SMNs using
product does not exhibit co-occurrence patterns. In contrast, using
geometric mean and voting do, thus enabling co-occurrence
modeling.

The next stage includes supervised co-occurrence modeling
where the image-SMNs are the inputs. The contextual multinomial
is obtained using DMMs (see Fig. 5a). We follow the semantic
manifold, which uses SVMs (see Fig. 5b). This additional layer is
likely to correct many mistakes after learning those co-occurrence
patterns that are consistent across each category. In order to
exploit the geometry of the semantic simplex, a suitable distance
is the geodesic distance dGDðs; s0Þ ¼ 2 arccos

ffiffiffi
s

p
;
ffiffiffiffi
s0

p� �� �
where

ffiffiffi
s

p

denotes element-wise square root. A negative geodesic distance
(NGD) kernel can be defined from this distance as kNGDðs; s0Þ ¼ �
dGDðs; s0Þ [33], which is suitable to used in SVMs when the inputs
are SMNs.

Note that using kernels limits the application of SVM classifiers
to large datasets, due to the high computational cost, so Kwitt
et al. [14] also propose an approximate embedding of the NGD
kernel. Thus, the same framework can be used for large scale scene
recognition combined with linear SVMs. For better performance, a
spatial pyramid representation [18] is included to rough encode
spatial context (i.e. Spatial Pyramid Matching Semantic Manifold
or SPMSM).

3.2. Types of scene category co-occurences

So far we have seen that the SMN representation, and parti-
cularly after aggregating from patches to image, may exhibit scene
category co-occurrence patterns, which can be modeled by a
classifier to improve recognition. Now we consider more in detail
the phenomenon of scene category co-occurrences and their
causes.

Semantic representations learned from bags of local features
(i.e. without considering contextual information such as spatial
relations or related themes) suffer from the same ambiguity pro-
blems of purely visual BOW models [13]. This is aggravated in the
ataset. The corresponding semantic representations are shown next to each image,
erns between related categories can be observed across the different images (e.g.
each image also exhibits some level of noise in the representation (co-occurrence



Fig. 5. Patch to image combination and co-occurrence modeling: (a) contextual models with DMM [13], (b) semantic manifold [14] (using SVM), (c) proposed framework
with CNF (in logarithmic space and patch level modeling), and (d) kernel CNF.
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case of the SMN representation due to the use of scene categories
as vocabulary for patch-level representations. In particular, pat-
ches with similar appearances can appear in different unrelated
categories (i.e. visual polysemy). Thus when a similar appearance
is found in a new image, the related category will get certain non-
zero probability, resulting in ambiguity in the representation. On
the other hand, patches from multiple local concepts co-occur for
different related scene categories (i.e. concept synonymy). For
instance, indoor categories such as kitchen, livingroom or bedroom
contain patches representing walls, door edges, tables, etc. Simi-
larly, natural scenes often contain patches depicting the same local
concept, such as sky, rocks, water, and trees. When aggregated into
image-SMNs, this results in that some related categories have
significant probabilities, as shown in the examples of Fig. 4.

3.2.1. Consistent co-occurrence versus co-occurrence noise
In practice, category co-occurrence patterns are noisy (see

Fig. 4), and thus we distinguish between consistent (scene category)
co-occurrences and co-occurrence noise (contextual and ambiguity
co-occurrences in [13]1) . The former are desirable and consistent
across different images of the same concept, while the latter are
accidental, not desirable and can be regarded as noise. Further-
more, consistent co-occurrences are usually sparse.

Previous works [13,14] only analyze consistent co-occurrences
in image-SMNs, obtained from a single type of local visual feature.
Here we describe co-occurrences from complementary angles,
which will be useful to better understand the tools developed in
the next sections.

3.2.2. Local versus global co-occurrences
An important observation is that co-occurrence patterns are

essentially local, even for scene-level vocabularies, and certain co-
occurrence patterns are localized in some regions. When the
patch-SMNs are aggregated into image-SMNs, location informa-
tion is lost, and only global co-occurrences can be modeled. While
scene category co-occurrences (and the corresponding weights)
are different depending on the region (see Fig. 1c), image-SMNs
only contain global co-occurrences (see Fig. 1d), and thus some
local co-occurrence patterns that may be very discriminative
are lost.

Local category co-occurrences and local topics have some
similarities. In both cases we try to discover co-occurrences of
concepts, but there two subtle differences. Topics result from co-
occurrences of low-level concepts (i.e. visual words) and lie in an
intermediate level of abstraction (see Fig. 1b) and this mid-level
vocabulary is often unknown (i.e. latent topics), while category co-
occurrences (see Fig. 1c) result from co-occurrences of high level
concepts defined over an explicit vocabulary (i.e. scene categories).
3.2.3. Feature-specific versus inter-feature co-occurrences
Different visual features (e.g. color, shape, gradient) may cap-

ture different yet complementary properties of patches. Conse-
quently, patch-SMNs learned from those features will also show
co-occurrence patterns that depend on those visual features. These
patterns may be specific to one feature (i.e. feature-specific co-
occurrences) or consistent across two or more features (i.e. inter-
feature co-occurrences).

Fig. 6a–c illustrates image-SMNs obtained from different fea-
tures, using a three-categories toy example. Feature-specific SMNs
can separate different concepts, but they are still too close to the
center of the simplex and there is some overlap between cate-
gories. By exploiting inter-feature co-occurrences (using the
method proposed in Section 4.1), we obtain multi-feature SMNs in
which the categories can be better separated (see Fig. 6d). Note
that this toy example is not too realistic, as categories are already
clearly separated by feature-specific image-SMNs, but it is useful
to illustrate the idea.

It is important to emphasize that all the category co-
occurrences we describe here are represented in the same fea-
ture space, i.e. the scene-level semantic space of SMNs. This pro-
vides a natural way to combine them (e.g. local to global, feature-
specific to multi-feature) without the hassle of dealing with
feature-specific or scale-specific spaces.
4. Modeling category co-occurrences

4.1. Multi-feature combination

Instead of a single type of visual feature, we now consider a set
of complementary ones V (in our experiments
V ¼ fgradient; shape; colorg). Each feature vAV generates a set of
local visual descriptors Iv ¼ fxv

1;…; xv
Ng, xv

nAXv, and I¼ fI1;…; I j vj g
represents all the features in the image. Now we assume that we
learn feature-specific theme models PXv jW ðxv

n jwvÞ, learned inde-
pendently in the same way as in the single feature case. Similarly
to (3), we can define the feature-specific patch-SMN as

svnw ¼ PWv jXv ðwv jxv
nÞ ¼

PXv jWv ðxv
n jwvÞPWv ðwvÞ
PXv ðxv

nÞ
ð5Þ

Introducing explicit dependence between feature-specific
categories wv and the combined category w we obtain the model
shown in Fig. 3c. Thus, we define the (image) multi-feature SMN as

sw ¼ ∏
vAV

PW jWv ðwjwvÞ ∏
N

n ¼ 1
PWv jXv ðwv jxv

nÞ ð6Þ



Fig. 6. Toy example to illustrate multi-feature combination and co-occurrence noise filtering. Each point is represented in a 3-categories semantic simplex: (a) gradient,
(b) shape, and (c) color feature-specific SMNs, (d) multi-feature SMNs, (e) co-occurrence dictionary, and (f) filtered SMNs.
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Using the Bayes rule we can extend (1) as

sw ¼∏vAVPWv jW ðwv jwÞPW ðwÞ∏N
n ¼ 1PXv jWv ðxv

n jwvÞ
∏vAV∏N

n ¼ 1PXv ðxv
nÞ

ð7Þ

where PWv jW ðwv jwÞ ¼ PW j Wv ðwjwvÞPWv ðwvÞ
PW ðwÞ . Using (5) we can further

rearrange (7) into

sw ¼ ∏
N

n ¼ 1
∏
vAV

PW jWv ðwjwvÞsvnw ð8Þ

which gives us a way to infer the image-SMN from multiple
feature-specific SMNs. Furthermore, we can obtain multi-feature
patch-SMNs as snw ¼∏vAVPW jWv ðwjwvÞsvnw . Note that with this
definition we still can combine multi-feature patch-SMNs into
image-SMN using (2).

As in the case of single feature, inference with the model in
Fig. 3c leads to few co-occurrences. So instead of that model we
prefer the model in Fig. 3d which infers concepts per patch
independently and encourages richer co-occurrence patterns by
using voting with (4). In sum, we use the product of feature-
specific patch-SMNs to obtain multi-feature patch-SMNs, and
voting to obtain the final image-SMN.

In (8) we can assume that each feature contributes equally to
model the concept, thus PWv jW ðwv jwÞ is constant. However, this
assumption is not realistic, as certain features may capture dis-
criminative aspects better than others, and also some concepts
may be better modeled with specific features. Thus, given a con-
cept, more discriminative features should have higher probability
in order to achieve more accurate classification. We can learn pv
¼ PW jWv ðwjwvÞ using a grid search and evaluating the accuracy
over a validation set. In our experiments we have three types of
features, so we need to find the optimal two values in a grid
ðp1; p2Þ, subject to 0rp1r1, 0rp2r1 (since p3 ¼ 1�p1�p2).
While we can use this approach for Bayes classification, if we use a
classifier over the SMNs this approach becomes impractical since
we need to retrain the classifier for each point in the grid. Since
test is much faster, we use an iterative two step approach to
estimate some reasonable values as follows:

1. First initialize q¼0, pð0Þv ¼ 1=jV j and get accuracy Accð0Þ with
pð0Þv .

2. Obtain the multi-feature SMNs with (8) and retrain the classifier
for pðqÞv .

3. Find pðqþ1Þ
v with maximum accuracy over the validation set by

grid search over G.
4. Increase q¼ qþ1, and return to step 2 (repeat for a few itera-

tions or until validation accuracy not increases).

4.2. Unsupervised filtering of co-occurrence noise

As we discussed before, the co-occurrence patterns we observe
in image-SMNs are combinations of consistent co-occurrences and
co-occurrence noise. The former are desirable and allow us to
model the categories in terms of co-occurrences, while the latter is
undesirable and distorts the data. Thus, we can consider consistent
co-occurrences as a signal we want to preserve. In previous works
classifiers are fed with the original noisy SMNs. In contrast, we
learn co-occurrence models from filtered SMNs. We propose a new
model termed co-occurrence noise filter (CNF) that aims at filtering
out co-occurrence noise while keeping consistent co-occurrences.
This filter is based on an encoding-reconstruction approach over a
dictionary of co-occurrences. The CNF can be considered as an
unsupervised pre-processing stage, prior to the supervised co-
occurrence modeling by the SVM classifier.

An SMN can be modeled as a linear combination of contextual
co-occurrences s¼ PK

i ¼ 1 αiqi, where α are the combination
coefficients (i.e. codes), qiAΔM�1 are co-occurrence words, mod-
eled as points in the semantic simplex. We can learn qi using a
dictionary learning method, in our case simply the K-means
algorithm, obtaining the co-occurrence dictionary Q ¼ ½q1;…;qK �.
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Thus, Q forms a basis of co-occurrence words that quantizes the
semantic space.

We can obtain the code α by minimizing the square error
between the new SMN s and the reconstructed SMN

α ¼ argmin
α

Js�QαJ2 ð9Þ

Although (9) has the analytic solution

α ¼ ðQTQ Þ�1QTs ð10Þ
in practice the inverse of Q is often too large to be solved directly,
so it can be approximated. We can further assume that the com-
bination of co-occurrences is sparse, and include a regularization
term to enforce sparsity in the problem, such as

α ¼ argmin
α

Js�QαJ2þλJαJ1 ð11Þ

Furthermore, we can also enforce locality, which will suggest that
the co-occurrence words used to reconstruct a particular SMN
should be those in its neighborhood. In particular, we use locality-
constrained linear coding (LLC) [3] that enforces locality in the
coding by solving the following problem

α ¼ argmin
α

Js�Q sαJ2 s:t: aT1¼ 1 ð12Þ

where Q s is a local basis composed by the k-nearest co-occurrence
words to s. This locality also leads to sparse codes.

Once we get the codes, we can project back to the semantic
space to obtain the reconstructed SMN s ¼ Qα . In this process we
expect that s contains mostly consistent co-occurrences, and
hopefully little co-occurrence noise. Note that the CNF does not
improve the classification accuracy by itself, so it still must be
followed by a classifier. Fig. 6e and f illustrates the co-occurrence
dictionary and the filtered SMNs obtained for the samples of three
categories from 15 scenes, using 12 co-occurrences and LLC for
coding. Note that SMNs are condensed in smaller regions. In this
particular toy example, it is very unlikely that the classification
accuracy improves, as classes are already clearly separated. How-
ever, in larger datasets, with a larger number of dimensions (i.e.
categories), the filtering process can help to pull similar images to
regions where categories can be easier to separate.
Table 3
Impact of patch-level processing and logarithmic scale (15 scenes).

Method Accuracy (%)

SMa DMMb CNFa CNF
(log)a

CNF
(patch)a

CNF (patch,
log)c

Bayes (unfiltered) 65.5 66.6 65.5 65.5 – –

Bayes (filtered) – 71.4 66.4 66.4 67.0 73.2
SVM (kernel) 76.0

(NGD)
– 76.3

(NGD)
76.8
(RBF)

77.6
(NGD)

79.2
(RBF
over
log s)

79.5
(NGD
over s)

a Uses voting to infer image-SMNs from patch-SMNs.
b Uses geometric mean to infer image-SMNs from patch-SMNs.
c Uses average pooling to combine patch log-SMNs into image log-SMNs.

Fig. 7. Co-occurrence codes obtained for the images in the toy example of Fig. 6: (a) train
to a co-occurrence word.
4.3. Patch-level processing and logarithmic scaling

So far, the strategy has been combining patch-SMNs into
image-SMNs and filter co-occurrence noise by modeling con-
sistent co-occurrences. However, category co-occurrences are
already present in patch-SMNs, since co-occurrences are often
local. Thus, it is also possible to process and filter patch-SMNs
before they are combined into image-SMNs.

We observe first that patch-SMNs tend to have low entropy,
that is, only few concepts are co-occurring. In order to increase the
dynamic range we use log-probability rather than probability. For
instance, using sparse encoding, the equivalent of (11) would be

α ¼ argmin
α

J log s�QαJ2þλJαJ1 ð13Þ

where log s¼ ðlog s1;…; log sMÞT indicates element-wise logarithm
(abusing the notation). The filtered SMN is recovered as s ¼ expð
QαÞ (exp is also element-wise). Then, voting can be used to infer
image-SMNs.

Another alternative is working directly with log-SMNs rather
than SMNs (see Fig. 5c). In that case we reconstruct the filtered
log-SMN as log s ¼ Qα . A suitable way to combine SMNs in the
logarithmic scale is average pooling

log s ¼ 1
N

XN
n ¼ 1

log sn

equivalent to the product of SMNs in the linear scale.
The impact of modeling co-occurrences in a logarithmic scale

and using patch-level processing are compared to previous image-
level processing in Table 3. We use suitable kernels combined with
SVMs, depending on the case (NGD kernel for SMNs and RBF
kernel for log-SMNs). Both logarithmic scaling and patch modeling
improve the performance. The best performance is achieved when
both variations are combined.
5. Semantic feature representations for large scale recognition

The proposed filtered SMNs (or log-SMNs) still have the lim-
itation of requiring a kernel to obtain good discrimination with
SVMs. In this section we introduce two new representations that
can be used combined with linear classifiers.

5.1. Co-occurrence codes

An alternative to SMNs is using directly the coefficients α . As
we discussed earlier, we model each SMNs as a (sparse) combi-
nation of co-occurrences. Then the space of co-occurrences is also
suitable for semantic modeling of images. For example, using (11)
on the toy example we obtain the codes shown in Fig. 7. These
codes show how different categories are represented as combi-
nations of few co-occurrence words, with very clear patterns for
each category. Note that co-occurrence codes are a higher level
representation compared to traditional codes used in the BOW
framework, which are obtained from lower-level visual features
ing set and (b) test set. Each column corresponds to an image, each row corresponds
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(i.e. visual words) rather than higher level semantic features (i.e.
co-occurrence words). Thus, co-occurrence words may be more
suitable for tasks involving complex images with higher-level
concepts, such as scenes, while visual word codes may be more
appropriate for lower level tasks where modeling visual appear-
ance is enough for a good discrimination between classes.

In contrast to this toy example, we compute co-occurrence
codes in a patch basis rather than in image basis. The codes are
combined into an image representation, using average pooling

α ¼ 1
N

XN
n ¼ 1

αn ð14Þ

Another advantage of co-occurrence codes is that linear clas-
sifiers are often able to achieve good discrimination between
categories, which makes these codes suitable for large scale scene
recognition.

5.2. Kernel co-occurrence noise filter (KCNF)

5.2.1. Extension to the kernel space
We also can assume a mapping ϕðsÞ to a different space (i.e.

kernel space) where linear classification is more effective. Even if
ϕðsÞ is unknown or difficult to compute (i.e. infinite dimensional),
a suitable kernel kðs; s0Þ ¼ϕðsÞTϕðs0Þ can still be used. Focusing on
the sparse formulation of (11), we can reformulate it in the kernel
space as

α ¼ argmin
α

JϕðsÞ�UαJ2þλJαJ1 ð15Þ

where U ¼ ½ϕðq1Þ;…;ϕðqK Þ� is the kernel dictionary, formed by the
co-occurrence words in Q mapped to the kernel space. The filtered
SMN in the kernel space is obtained as ϕðsÞ ¼Uα .

In particular s, s and each qi are defined over a probabilistic
simplex, so a more suitable distance is the geodesic distance and a
suitable kernel is the NGD kernel [33]. The problem is that there is
no explicit formulation for the mapping ϕNGDðsÞ, and U cannot be
computed explicitly.

Similarly, filtering in the logarithmic scale we extend (13)

α ¼ argmin
α

Jϕðlog sÞ�UαJ2þλJαJ1 ð16Þ

In this case, log-SMNs are no longer in any simplex, so the NGD
kernel is no necessarily suitable for this space. We tried other
kernels, such as linear and radial basis functions (RBFs). Surpris-
ingly, we found empirically that better performance is obtained
when the input log-SMNs are renormalized and combined with
the NGD kernel. These renormalized log-SMNs lie again in a (dif-
ferent) simplex so the NGD kernel seems suitable again. In the
experiments, we include this renormalization before KCNF.

5.2.2. Computing the dictionary and embedding
Now we focus on the non-sparse case (i.e. λ¼ 0). Instead of

learning the dictionary in the kernel space, we simply use K-
means in the semantic space to learn Q (in fact, as we will see, we
do not need to explicitly compute U). In order to use the geodesic
distance between two filtered SMNs s and s0, we formulate the
whole filtering and embedding as a new kernel, obtained from the
projected vectors on the NGD kernel space as

kKCNF ðs; s0Þ ¼ kNGDðs; s 0Þ ¼ϕNGDðsÞTϕNGDðs 0Þ ¼ ðUαÞT ðUα 0Þ ð17Þ
where α and α 0 are the codes for s and s 0. The corresponding
analytic solution is α ¼ ðUTUÞ�1UTϕNGDðsÞ (note that we do not
have this solution for λa0). By applying some appropriate matrix
transformations we can rearrange (17) as

kKCNF ðs; s0Þ ¼ ðUTϕNGDðsÞÞT ðUTUÞ�1ðUTϕNGDðs0ÞÞ ð18Þ
At this point we recall that U ¼ ½ϕNGDðq1Þ;…;ϕNGDðqK Þ�, so the
first factor (transposed) and the third factor can be expressed as a
kernel matrix

KqsðsÞ ¼ UTϕNGDðsÞ ¼
kNGDðq1; sÞ

⋮
kNGDðqK ; sÞ

2
64

3
75

which depends only on s (or s0), the co-occurrence words q1;…;qK

and the NGD kernel. Similarly, the second factor (inverted) in (18)
can be expressed as

Kqq ¼UTU ¼
kNGDðq1;q1Þ ⋯ kNGDðqN ;q1Þ

⋮ ⋮
kNGDðq1;qNÞ ⋯ kNGDðqN ;qNÞ

2
64

3
75

leading to (18) represented as kkcnf ðs; s0Þ ¼ kqsðsÞtk�1
qq kqsðs0Þ. Note

that no explicit mapping ϕNGD is necessary to compute any of
those matrices. As kqq is positive definite, we can find a decom-
position GTG¼ k�1

qq (e.g. using the Cholesky decomposition), which
leads to

kKCNF ðs; s0Þ ¼ ðGKqsðsÞÞT ðGKqsðs0ÞÞ ¼ϕKCNF ðsÞTϕKCNF ðs0Þ
where we have an explicit mapping

ϕKCNF ðsÞ ¼ GKqsðsÞ ð19Þ
that only depends on a set of co-occurrences qi and the original
(unfiltered) SMN s and s0. With (19) we can obtain embeddings of
semantic features that can be used for large scale classification.

Note that (19) is an exact embedding that integrates both co-
occurrence noise filtering and mapping to a suitable space. We do
not approximate the implicit mapping in the NGD kernel
kNGDðs; s0Þ, as in [14], but develop a kernelized version of the CNF
integrated with the geodesic distance. Another advantage is that
we do not need to explicitly compute the codes α in (9).

As discussed earlier, we can also filter patch-SMNs rather than
image-SMNs. However, the embedded features do not have a
probabilistic interpretation anymore, so we use simple average
pooling to combine ϕKCNF ðsnÞ, which we found has satisfactory
performance in practice. Thus, the resulting image-level embed-
ding is

φKCNF ðsÞ ¼
1
N
G

XN
n ¼ 1

XK
i ¼ 1

kKCNF ðsn;qiÞ
 !

ð20Þ

We refer to this method as kernel co-occurrence noise filter
(KCNF). Similarly, the same formulation (with λ¼ 0) can be used in
the logarithmic scale, where log sn are the inputs to the KNCF. Note
that the NGD kernel is no longer suitable, but we can still obtain an
exact embedding for other kernels, such as RBF, that in other cases
would need to be approximated. Fig. 5d shows the architecture for
large scale classification using patch-level KCNF in the
logarithmic scale.
6. Experiments

6.1. Experimental setup

Datasets. We evaluated our method on three small datasets. 15
scenes [9,18] consists of 4485 natural scene images labeled into 15
categories. LabelMe [34] contains 8 outdoor scene categories, with
a total of 2600 color images. UIUC-Sports [35] consists of eight
sport event categories, and each category has 137–250 images. We
resize large images to no more than 300�200. Following settings
in previous works, we use 100, 100 and 70 images for training,
respectively.



Table 4
Classification accuracy (%) for the different feature combination methods.

Feature combination method 15 scenes LabelMe Sports

Visual features (EMKþSVM, K¼1000)
Gradient KDES 80.8 85.9 82.8
Shape KDES 78.9 83.5 83.1
Color KDES 72.1 72.1 72.5
Concatenation 82.2 87.3 85.6

Visual features (LLCþSVM, K¼1000)
Gradient KDES 81.4 87.4 82.3
Shape KDES 81.4 85.5 83.9
Color KDES 68.2 69.5 69.2
Concatenation 82.8 88.4 86.1

Semantic features (Bayes classifier)
Gradient SMN 73.7 81.8 78.3
Shape SMN 70.3 79.5 79.2
Color SMN 69.1 67.3 69.8
Semantic space (uniform) 77.5 82.4 82.5
Semantic space (adapted) 79.7 86.5 83.9

Semantic features (KCNFþSVM, K¼1000)
Gradient SMN 78.9 86.5 83.7
Shape SMN 80.0 85.0 84.3
Color SMN 75.4 72.4 72.8
Concatenation (visual) 81.8 84.0 84.6
Semantic space (uniform) 82.7 88.6 85.7
Semantic space (adapted) 84.4 89.3 86.9
Concatenation (KCNF)a 82.1 87.3 84.9
Concatenation (KCNF)b 83.3 88.7 85.9
MKL 81.6 87.2 84.7

a We use K¼334 for an aggregated output dimension of 3� K � 1000.
b We use K¼1000 (aggregated output dimension 3� K ¼ 3000).
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For large scale evaluation we used the MIT67 [22] and SUN397
[36] datasets, using the suggested training/test configurations.
MIT67 includes 67 indoor scene categories and 15,620 images in
total. The similarity of the objects present in different indoor
scenes makes it an especially difficult dataset compared to outdoor
scene datasets. SUN397 consists of 397 categories and 108,762
images in total.

Visual and semantic features. We use kernel descriptors [15] for
all local visual features extracted on a regular 16�16 pixel dense
grid (step 8 pixels). For each patch we extract gradient, shape and
color kernel descriptors. For semantic features (i.e. SMN) we train
GMM with 512 mixtures for each concept and visual feature. In
methods using SVM classification (i.e. all but Bayes) we also
extend the descriptor using a spatial pyramid [18] with four levels
(1� 1, 2� 2, 3� 3, 4� 4).

Baselines. We compare our approach with two BOW methods in
the visual space, and also with related methods in the semantic
space using SMNs. The baselines in the visual space are:

� LLC [3]: Visual features are encoded with a dictionary using LLC
and then classified with a linear SVM.

� EMK [37]: Visual features are encoded with efficient match
kernels [37] and classified with a linear SVM.

The corresponding baselines in the semantic space are (the input
features are SMNs):

� Bayes [13]: Selects the category with higher probability in the
image-SMN.

� SPMSM [14]: Combines SPM and non-linear SVM with the NGD
kernel.

� SPMSM (embedding): Uses a linear SVM and the embedding in
[14] to approximate the NGD kernel.

Variations of the proposed methods. We evaluate:

� CNF: Proposed framework including the CNF. We use non-linear
SVM with the NGD kernel over filtered SMNs.

� CNF (embedding): CNF using the same approximate embedding
of SPMSM (embedding).

� KCNF: Proposed framework including the KCNF and linear SVM.
� Co-codes: Uses a linear SVM over co-occurrence codes.

LLC, CNF and co-codes use LLC as coding method. Its main
parameter is the number of neighbors, which we set to 5.

6.2. Multiple feature combination

We evaluate Bayes classification and SVM classification with
SPM and KCNF. We also compare with methods in the visual space
(LLC and EMK). From earlier to later combination:

� Concatenation (visual): Patch descriptors are concatenated in
the visual space (just before the GMM model) as
xn ¼ ½xgradientn ; xshapen ; xcolorn �.

� Semantic space: Proposed method using (8). For PW jWv ðwjwvÞ
we evaluate both uniform prior ðPW jWv ðwjwvÞ ¼ 1=jV j Þ and
empirically estimated (adapted).

� Concatenation (KCNF): Concatenation of multiple image
descriptors in the kernel space, which is denoted as
φKCNF ðsÞ ¼ φgradient

KCNF ðsÞ;φshape
KCNF ðsÞ;φcolor

KCNF ðsÞ
h i

. For the baseline in the
visual space, we use the same scheme.

� Multi-kernel learning (MKL): Features are combined in the SVM
via a weighted kernel sum. We use Simple MKL [38] with the
default settings (ten Gaussian and three polynomial kernels).
Table 4 shows the results for the different datasets, combination
schemes and settings. At the SMN level, the proposed Bayesian
combination method consistently improves the classification
accuracy with total gains around 4.5% over the best single feature
when PW jWv ðwjwvÞ is estimated. The gain due to this estimation
varies more, from 1% to 4%. Note that the dimension of the
descriptor does not change.

We also evaluated multi-feature combination in the proposed
KCNF framework. We set the size of the co-occurrence dictionary
to K¼1000. In the iterative estimation of the weights we observed
that at the second iteration the improvement in accuracy is almost
imperceptible, so in practice we just do two iterations. The pro-
posed combination in the semantic space with adapted weights is
again the method with best results with an overall gain around 2–
3.5%. In this case, the improvement over equal weights is lower
than 1%. Note that concatenation in the KCNF has similar accuracy
to Bayesian (uniform). However, in this case the dimensionality
increases by the number of features. The performance of MKL is
around 2% worse than the proposed method, while it requires
considerably more training time and is much more complex. The
proposed method also outperforms concatenation in visual spaces.
6.3. Co-occurrence modeling and filtering

In this section we evaluate the impact of the proposed tools for
co-occurrence modeling and co-occurrence noise filtering on the
classification accuracy and the relation with the size of the co-
occurrence dictionary. The results for the different datasets are
shown in Fig. 8. We included SPMSM (linear) as a simplified ver-
sion of SPMSM using linear SVM, to show the gain due to the NGD
kernel. The results also show that using CNF significantly and
consistently outperforms the counterpart without CNF (i.e.
SPMSM).
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Table 5
Comparison with previous works on small scale datasets in accuracy (%).

Method 15 scenes LabelMe Sports

CNF-SMN (K¼2400) 82.9 90.0 89.6
Proposed Co-codes (K¼2400) 83.1 89.9 92.3

KCNF (K¼3000) 85.2 89.8 87.8

Latent Dirichlet Allocation
(LDA) [12]

76.6 – –

Contextual multinomial (CMN)
[13]

77.2 – –

Object bank [11] 80.9 – 76.3
Spatial pyramid [18] 81.2 – –

LLC [3]a 81.6 86.1 85.0
FV [39]a 81.9 87.6 85.6

State-of-the-
art

Kernel descriptors [15]a 82.2 87.3 85.2

SPMSM [14] 82.3 87.5 83.0
ImageNet-CNN [17] 84.2 – 94.4
ISPR [23] 85.1 – 89.5
Object-to-Class kernels [40] 88.8 – 86.0
IFV [23] 89.2 – 90.8
Places-CNN [17] 90.2 94.1

a Based on the code provided by the authors. Other accuracies are those
reported in the corresponding papers.

X. Song et al. / Pattern Recognition 59 (2016) 98–111108
The size of the co-occurrence dictionary is also critical for high
accuracy, but even small sizes like K¼300 can help to gain around
1–2% in accuracy. We also observed an increasing performance
with K and then a moderate decrease. We also observe an opti-
mum dictionary size, around K¼3000 for 15 scenes and K¼2400
for LabelMe and Sports. Note that the number of categories in 15
scenes is 15 and in the other two dataset is 8. This result suggests
that the more concepts the more number of co-occurrence words
required to model co-occurrence patterns. In fact, when K is too
low, the model complexity is also too low and genuine co-
occurrences are also filtered, while when K is too high, the CNF
also models undesired co-occurrence noise resulting in overfitting
and the corresponding decrease in performance.

The performance of CNF and co-codes also depends on the
number of nearest neighbors B, since both of them use LLC coding.
Since [3] has shown that B is not affected by the size of dictionary,
we use the same K¼2400 for this evaluation. We evaluate the
impact of the nearest neighbor B in a range from 2 to 40 nearest
neighbors (see Fig. 9). The best performance is achieved for B¼3
and B¼10, for CNF and co-codes, respectively.

6.4. Comparison with state-of-the-art on small datasets

The proposed approach is compared with several state-of-the-
art BOW methods [18,3,39,15], methods based on the SMN fra-
mework [13,14,12] and methods using other intermediate
semantic representations [11,40] (Table 5). Whenever possible we
used the code available from the authors with the same features
used in our experiments; when not possible, we include the
results reported in their papers. Although a completely fair com-
parison is not possible, due to different implementations, dic-
tionary sizes and other parameters, our framework at least seems
to be very competitive in the three evaluated datasets. Comparing
with methods based on SMNs is of particular interest. Note that all
proposed methods outperform the contextual multinomial (CMN)
and SPMSM. The latter integrates both discriminative co-
occurrence modeling via SVM and rough spatial coding via SPM,
achieving better performance, but does not integrate unsupervised
co-occurrence modeling. Combining these three characteristics
and multiple features our method achieves better performance.

We also report results for methods based on the improved
Fisher vector (IFV), mining discriminative parts (ISPR) [23] and
CNNs, some of them outperforming the proposed ones. For 15
scenes we obtain an accuracy comparable to ImageNet-CNN, even
when this method exploits a large external dataset. Places-CNN
obtains much better performance using the scene-centric dataset
places [17], demonstrating the importance of the pre-training
dataset in CNNs . For Sports, co-codes obtains a very remarkable
accuracy of 92.3% only outperformed by CNNs.

6.5. Evaluation on larger datasets

We also evaluated the proposed methods on the larger datasets
MIT67 [22] and SUN397 [36]. Training SVM classifiers with non-
linear kernels is impractical for large datasets, so we only consider
linear SVMs and embeddings (exact or approximate) when avail-
able. KCNF and co-codes can be used directly with linear classi-
fiers. In the case of CNF we use an approximate embedding for the
NGD kernel instead of the kernel itself [14]. For the same com-
plexity reasons, we fixed K¼2000.



Table 7
Comparison on SUN397 dataset.

SUN397 Method Accuracy (%)

Gradient 18.8
SMNþBayes Shape 16.9

Color 12.2

Bayesian (multi-feature uniform) 21.6
Bayesian 26.1
SPMSM (embedding) 30.0

Proposed KCNF single-feature (gradient, K¼2000) 33.0
CNF (embedding, K¼2000) 33.2
Co-codes (K¼2000) 35.4
KCNF (K ¼ 2000) 40.8

Xiao et al. (best single feature: HOG) [36] 27.2
SPMSM [14] 28.9
Meta-classes [8] 36.8
Xiao et al. (multi kernel, 14 features) [36] 38.0

State-of-the-art ImageNet-CNN [17] 42.6
LASC [42] 45.3
DMM-FV [41] 46.1
FV [5] 47.2
Places-CNN [17] 54.32

Table 8
Comparison of different embeddings in the semantic space.

Method K¼2000

15 scenes LabelMe Sports MIT67 SUN397

SPMSM (emb) 78.9 85.9 81.3 37.6 30.0
Co-codes 83.1 89.7 92.3 42.1 35.4
CNF (emb) 82.9 89.6 89.4 42.6 33.2
KCNF 84.9 89.6 87.5 48.1 40.8
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The results for the mid-scale dataset MIT67 are shown in
Table 6. Comparing with Bayes classification, the proposed multi-
feature combination method improves around 8% the accuracy.
KCNF obtains a very remarkable accuracy of 48.1%, outperforming
BOW methods and other object-based approaches, while recent
methods based on CNNs, FV [5,41,42] and mining discriminative
parts [23] and mode seeking [43] are better. DMM-FV [41] is also
based on FV, using Dirichlet-derived GMMs for encoding. LASC
[42] improves LLC with an affine subspace dictionary, and con-
catenates first-order (LLC-based) and second-order (FV-based)
features. On the one hand, since the number of categories and the
complexity in this dataset is much higher, CNNs benefit more from
pre-training data, in particular from the Places dataset. On the
other hand, FV and part-based approaches are particularly suited
for modeling objects, achieving very good recognition perfor-
mance in object datasets. It is not surprising their superior per-
formance for MIT67, which contains indoors scenes, rich in objects
and where recognizing certain key objects or parts can be very
helpful to predict the scene category.

The results for SUN397 are shown in Table 7. The gain with the
proposed methods is also higher than in the previous datasets,
suggesting that the co-occurrence problem is more pronounced
when the number of categories is high (i.e. high dimensional
semantic simplices), and recognition in the semantic space bene-
fits more from appropriate modeling of consistent co-occurrences
and filtering undesired noise. In particular, filtering in the kernel
space has a very significant gain (compare KCNF and SPMSM),
suggesting than a suitable distance and sparsity are both critical in
this framework. Also note that KCNF achieves comparable perfor-
mance to CNNs trained over ImageNet [17], although still far from
the performance of FV and Places-CNN. Note that this high per-
formance of CNNs is due to the use of much larger external
datasets (ImageNet or Places), which we do not leverage.

6.6. Embedding

Finally, we include a more detailed comparison (see Table 8) of
the descriptors embeddings in the semantic space for large scale
classification: the approximate NGD embedding [14] in SPMSM
(with and without CNF), co-codes and KCNF. All the proposed
methods are evaluated for K¼2000. As expected, KNCF also
Table 6
Comparison on MIT67 dataset.

MIT67 Method Accuracy (%)

Gradient 29.7
SMNþBayes Shape 28.9

Color 20.8

Bayesian (multi-feature uniform) 34.0
Bayesian 39.7

Proposed CNF (embedding, K¼2000) 42.1
Co-codes (K¼2000) 42.6
KCNF (K ¼ 2000) 48.1

State-of-the-art Object bank [7] 37.6
Object-to-Class kernels [40] 39.6
Deformable part-based models [44] 43.1
SPMSM [14] 44.0
Linear Distance Coding [4] 46.7
ISPR [23] 50.1
ImageNet-CNN [17] 56.8
IFV [23] 60.8
DMM-FV [41] 63.4
LASC [42] 63.4
Mode seeking [43] 64.0
Places-CNN [17] 68.2
outperforms the SPMSM version with embedding, with a gain
around 4–6% in small datasets and 9–14% in larger datasets. Thus,
KCNF can be used with linear classifiers while keeping a high
accuracy. Note that KCNF increases the dimensionality from the
number of classes (between 8 and 397 in these datasets) to the
number of co-occurrences in the dictionary (300–3000), while the
approximation in [14] does not. However, the dimensionality is
still reasonable for SVM. Even with low K the proposed embedding
still outperforms the other methods.
7. Conclusion

Representing images in a scene-level provides a higher level of
abstraction that may be helpful for recognizing complex scenes.
While visual representations and related recognitions have been
largely investigated, many aspects related with semantic repre-
sentations still remain largely unexplored. In this paper we pro-
pose a different point of view to scene modeling. In our frame-
work, we avoid the problems related with mid-level representa-
tions (e.g. mid-level annotation, discovering of latent models) by
directly using image labels to learn patch models. This weakly
supervised learning results in scene categories co-occurring in the
representation. As in traditional mid-level representations, we use
two levels, but they are not progressive (in terms of level of
abstraction), and the second is focusing on correcting a posteriori
the ambiguity related with category co-occurrences.

We also showed how the scene category co-occurrence point of
view brings new ways to address old problems. Exploiting the com-
mon semantic space, we can combine information from hetero-
geneous visual features and combine local patches into global image
representations. We can also pose problems in terms of modeling
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category co-occurrences, where we represent images in a semantic
space as a sparse combination of co-occurrence words (i.e. co-codes),
and find consistent co-occurrence patterns by separating genuine co-
occurrence patterns from noise (i.e. co-occurrence noise filter). Fur-
thermore, we can develop features and embeddings specifically
designed for the semantic space that can be efficient for large scale
recognition. In particular, our method shows very competitive results
in this scenario, particularly in large datasets, where the number of
categories is high and the category co-occurrences are sparser.
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