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1 Introduction
Much research in computer vision tends to focus on object-centered approaches. Such methods, e.g.
[8, 2, 3], use object features to carry out various tasks such as object detection or scene classification.
However it is well known that context can be a valuable source of information for complicated tasks
such as object labeling in complex scenes. Indeed, there are typically strong semantic and statistical
relationships between single objects and their surrounding context. These relationships structure our
real world: Chun et al. [1] suggest that the human visual system first processes context information
in order to facilitate recognition tasks and object detection.

Traditionally, context-based approaches [11, 9, 10] consider the raw image as a whole and use di-
mensionality reduction techniques to encode the image semantics. The recently proposed Object-
Bank system [7] outperforms state-of-the-art results on several benchmarks of scene classification
[5, 6, 10] by using a bank of object features to define high-dimensional over-complete represen-
tations of the context of images. Our work aims at improving this method. In the following, we
propose two neural networks architectures designed to explicitly model linear or bilinear relation-
ships between scene categories and detected objects. This allows to perform scene classification by
using a richer context representation connecting information about objects and scenes.

2 Context-based Classifier
Object-Bank (OB)[7] trains state-of-the-art detectors [3, 4] for 177 different objects. The response
of those detectors is computed across the image on various positions and scales. The response maps
(of size 252) are then concatenated to obtain an over-complete representation x ∈ R44,604 of the
original image. Afterwards, C classifiers (Linear SVM or Logistic Regression) are trained in a 1
versus all setting to predict the correct scene category ycategory(x) among C different categories e.g
indoor scenes [10] such as ”airport” or ”museum”.

Here, we want to refine the vector of category scores scategory(x) ∈ RC given by the Logistic Re-
gression. For each object response map, we compute the average response over scales and posi-
tions in order to obtain a simple ’presence’ score for each object. This defines a context score
scontext(x) ∈ R177 which encodes the degree of presence predicted by OB for each of 177 consid-
ered objects in the input image. We now want to build a “Context-based” classifier able to model the
interactions between scene categories and such contexts. The idea here is to disambiguate situations
where the score is almost the same for different categories. For instance, assume that the scene
categories ”florist”, ”museum” and ”bathroom” have the same score but that the ”flower” detector is
on, one might want to take advantage of that context to predict the correct category (here ”florist”).

Bilinear Model One may think that second-order interactions between the categories and various
contexts are important to refine the category prediction. In order to explicitly take into account those
interactions, we chose to use a bilinear model. The category scores and the context information are
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1



OB-LR OB-SVM MLP-S MLP-O MLP-C BILIN
0.30

0.32

0.34

0.36

0.38

0.40

0.42

R
e
co

g
n
it

io
n
 r

a
te

(a) Classification on MIT Indoor
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(b) Classification on UIUC-Sports

Figure 1: Classification Accuracy on MIT Indoor and UIUC-Sports datasets

projected into two different embedding spaces of size D1 and D2 with two different matrices of
parameters W1 ∈ MD1×C(R) and W2 ∈ MD2×177(R). An outer product is then computed over
those two embedding spaces. The output of the hidden layer is given by the following function:

fBILIN
(
scategory(x), scontext(x)

)
= W1 scategory(x) ⊗ W2 scontext(x)

The output of this layer is then flattened to a vector of size D = D1D2 corresponding to the hidden
unit values.

Multi-Layer Perceptron We also trained a multilayer perceptron (MLP) with a single hidden
layer. Compared to the Bilinear Model, it can only model the linear interactions between a score for
each category i.e s category(x) and the context score i.e scontext(x). The output of the hidden layer is
defined as:

fMLP
(
scategory(x), scontext(x)

)
= s
(
W1 scategory(x) + W2 scontext(x)

)
where s(a) = 1/(1 + e−a) is the logistic function, W1 ∈MD×C(R) and W2 ∈MD×177(R).

In both cases (bilinear and MLP) the hidden layer is then fed to a softmax output layer:

y(x) = y(scategory(x), scontext(x)
)

= softmax
(
W3 f(scategory(x), scontext(x)) + b3

)
where W3 ∈MD×C(R), b3 ∈ RC and softmax(a) = ea/

∑
i eai . The log-likelihood of the data is

optimized by stochastic gradient descent with respect to all parameters (W1, W2, W3 and b3).

3 Results
Dataset We evaluate our Context-based classifier on 2 scene datasets, cluttered indoor images
(MIT Indoor Scene) and event and activity images (UIUC-Sports). MIT Indoor scene is composed
of 67 categories and, following [7, 10], we used 80 images from each category for training and 20
for testing. UIUC-Sports contains 8 event classes. We randomly chose 70 resp. 60 images for our
training resp. test set following the same experimental setting as [7, 6].

Performance Figure 1 presents preliminary results. OB-LR (Logistic Regression) and OB-SVM
are trained on OB features x ∈ R44,604 [7]. MLP-S is a MLP model trained on scategory only, while
MLP-O is a MLP trained on scontext (the mean response of the 177 object detectors). MLP-C cor-
responds to the Context-based MLP classifier that combines both inputs, context and categories:
it clearly outperforms all other considered models. Regarding the Bilinear Model BILIN perfor-
mance, it seems that taking into account higher order relations between categories and context is not
as efficient as expected. We are currently investigating that issue.

Future work We plan to use a prior on the context of each particular category by taking into
account a restricted set of object detector semantically related to this category e.g. category ”living
room” should consider object detectors ”sofa”, ”TV screen”, etc corresponding to a subset of the
whole set of object detectors available.
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