
Discriminative Dictionary Design for Action
Classification in Still Images

Abhinaba Roy1(B), Biplab Banerjee2, and Vittorio Murino1

1 Istituto Italiano di Technologia, Genova, Italy
{abhinaba.roy,vittorio.murino}@iit.it

2 Indian Institute of Technology, Roorkee, India
bbanfcs@iitr.ac.in

Abstract. In this paper, we address the problem of action recognition
from still images. Although used widespread, local features (SIFT, STIP)
invariably engender two potential problems: the counts of such extracted
features are not evenly distributed in different entities of a given category
and many of such features are not paradigmatic of the visual concept the
entities represent. In order to generate a discriminative dictionary tak-
ing the aforementioned issues into account, we propose a novel method
for identifying robust and category specific local features which maxi-
mize the class separability to a possible extent. Specifically, we consider
category independent region proposals to highlight local regions in still
images. Further, the selection of potent local descriptors is cast as filter-
ing based feature selection problem which ranks the local features per
category based on a novel measure of distinctiveness. The underlying
visual entities are subsequently represented based on the learned dictio-
nary and this stage is followed by action classification using the random
forest model. The framework is validated on the challenging Stanford-
40 dataset and exhibits superior performances than the representative
methods from the literature.

Keywords: Action recognition · Local features · Feature mining · Ran-
dom forest

1 Introduction

Recognition of visual concepts is one of the most active research lines in com-
puter vision. Other than the problem of generic object recognition from images
[3], action recognition is another challenging research paradigm in this respect.
With the growing amount of visual data available from various sources, intel-
ligent analysis of human attributes and activities has gradually attracted the
interest of the computer vision community. Action recognition based on local
descriptors is another very popular paradigm which broadly depends upon three
stages: (1) Extraction of local descriptors, (2) Codebook (dictionary) genera-
tion and feature encoding, and (3) Classification based on the encoded features.
Although this framework has exhibited superlative performances for general
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visual recognition tasks, the efficacy of such a model depends upon a number of
factors, and effective codebook construction is undoubtedly the most notewor-
thy. The standard codebook construction process is based on vector quantizing
local descriptors extracted from the available training data in which the cluster
centroids define the codewords, the basic building blocks that are ultimately
used to encode the underlying visual entities. Specifically, an entity is repre-
sented by a vector where the ith component can be either the number of local
descriptors that fall in the ith cluster or a measure of proximity of local descrip-
tors to the ith cluster centroid. Needless to mention, the quality of the extracted
local descriptors affect representation power of the codewords which, in turn,
has direct impact on the recognition performance. For instance, the descriptors
extracted from background regions or the ones shared by many visual categories
add little to the discriminative capability of the codebook in comparison to the
ones specifically extracted from the objects of interest. However, it is impossible
to ensure the selection of potentially useful local descriptors in advance since
such feature extraction techniques are typically engineered and ad hoc. In other
words, there are certain immediate advantages if the most discriminative local
descriptors are used for the purpose of a cogent codebook construction, though
the process is intrinsically complex in general. Selection of the discriminative
local descriptors for effective codebook generation coping with action recognition
from images is the very core topic of this paper. We propose a simple algorithm
which gradually filters out unrepresentative descriptors before constructing a
compact global codebook. The proposed method is generic in the sense that
it can work with different types of local features irrespective of the underly-
ing visual entities they refer to. Specifically, we represent each still image by a
large pool of category independent region proposals [1]. Each region proposal
is represented by convolutional neural network (CNN) features (4096 dimen-
sions) obtained from a pre-trained network. We propose a sequential method for
codebook construction which first clusters the local descriptors of each entity
using the non-parametric mean-shift (MS) technique [7]. The cluster centroids
thus obtained represent the reduced set of non-repetitive local features for the
entity from now onwards. Another round of MS clustering on the new set of local
descriptors calculated from all the entities of a given category is followed and
the centroids thus obtained are employed to build a temporary codebook specific
to each category. Further, we propose a ranking criteria to highlight potentially
discriminative codewords from each category specific codebook and the global
dictionary is built by accumulating these reduced set of codewords from all the
categories.

We can summarize the main highlights of this paper as follows:

– The initial two level MS based clustering of the local descriptors on the entity
and the category level largely reduces the effects of repetitive and uninterest-
ing descriptors, yet selecting representative codewords from each locally dense
region in the feature space. We further propose a novel measure to rank and
select a subset of discriminative codewords per visual category under con-
sideration The proposed ranking measure ensures that the selected set of
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codewords are frequent in the entities of the same category while being spo-
radic in other visual categories.

– We evaluate the codebooks learned in this way for action categorization from
still images. We observe that the learned codebooks, when used in conjunc-
tion with efficient feature encoding techniques, sharply outperform similar
techniques from the literature.

The rest of the paper is organized as follows. We discuss a number of related
works from the literature in Sect. 2. The proposed action recognition framework
is described in Sect. 3. Experimental results are reported in Sect. 4, followed by
concluding remarks and ideas of possible future endeavour.

2 Related Works

In this section, we primarily highlight two aspects of the proposed framework and
discuss relevant techniques from the literature. First, action representation from
images with a focus on local feature encoding based methods will be addressed
and a discussion on the relevant codebook construction techniques will subse-
quently be followed.

2.1 Action Recognition from Still Images

Recognition of human actions and attributes [6] has been approached using tra-
ditional image classification methods [23]. In the standard dictionary learning
based scenario, a typical framework extracts dense SIFT [16] from the training
images and codebook is constructed by clustering the SIFT descriptors by k-
means clustering. Further, efficient encoding techniques including bag of words
(BoW), LLC, Fisher vector are used to represent the images before the classifi-
cation stage is carried out in such a feature space [4].

Since the inherent idea of the BoW based frameworks is to learn recurring
local patches, a different set of approaches directly models such object parts in
images. Such techniques either initially define a template and try to fit it to
object parts or iteratively learn distinctive parts for a given category.

Discriminative part based models (DPM) [8] are used extensively for this
purpose and they served as the state of the art for a period. The hierarchical
DPM model is used to parse human pose for action recognition in [22]. An effi-
cient action and attributed representation based on sparse bases of local features
is introduced in [24]. An expanded part model for human attribute and action
recognition is proposed in [19]. The effects of empty cavity, ambiguity and pool-
ing strategies are explored in order to design the optimal feature encoding for
the purpose of human action recognition in still images in [25].

Very recently, the part learning paradigm has gained much attention because
of its ability to represent mid-level visual features. Given a large pool of region
proposals extracted from the images, such techniques iteratively learn part clas-
sifiers with high discriminative capabilities. Methods based on partness analysis
[10], deterministic annealing for part learning [20] etc. are some of the represen-
tatives in this respect.
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2.2 Efficient Codebook Construction for Classification

As already mentioned, the paper focuses on the identification of good local
descriptors for building a better dictionary in order to enhance the action recog-
nition performance. The dictionary learning strategies can be supervised or unsu-
pervised in nature. A class of unsupervised dictionary learning strategies com-
pute over-complete sparse bases considering the idea of alternate optimization.
Such techniques iteratively update the dictionary components and sparse coeffi-
cients for the input samples using k-SVD and matching pursuit based methods.
[21] proposes the LLC technique where a locality constraint is added to the
loss function of sparse coding. [13] introduces an l1-norm based sparse coding
algorithm where feature-sign search is applied for encoding and Lagrange dual
method for dictionary learning. Effective sampling strategies for the BoW model
is the focus of discussion in [18] where several aspects including the codebook
size, clustering techniques adopted etc. are exhaustively studied.

On the contrary, the supervised approaches include the class support in build-
ing the dictionary. Label consistent SVD [9], logistic regression based sparse cod-
ing [17] explicitly consider the class discrimination in designing the sparse bases
for dictionary learning. Two different clustering based approaches for keypoints
selection are introduced in [15] for the purpose of dictionary learning based
generic scene recognition. Distance measures among the keypoints are modeled
in an online fashion to filter out keypoints with low generalization capability.

We focus on the supervised dictionary learning paradigm and follow a sequen-
tial approach in building the dictionary. In contrast to similar methods from the
literature, our framework is flexible, scalable and non-parametric. The MS based
clustering technique is inherently capable of detecting all possible clusters in the
feature space based on data density. It better captures the local aspects of the
entities than the traditional k-means based vector quantization techniques which
require a number of hyper-parameters to be optimized. In addition, our ranking
measure can efficiently highlight codewords which are highly discriminative by
exploring their frequency distributions in all the underlying categories. Further,
the proposed ranking measure is generic in the sense that it is applicable to the
broader domains of feature selection, part learning, ranking in a retrieval system
to name a few.

3 Proposed Algorithm

We detail the proposed action recognition framework in this section. As already
mentioned, the proposed framework consists of four major stages: (1) Extraction
of local features (2) Discriminative dictionary construction (3) Feature encoding
(4) Action classification.

For notational convenience, let us consider that TR = {Xi, Yi}N
i=1 constitutes

N training examples belonging to L action categories where each Xi represents
an image and Yi is the corresponding class label. Entities in TR are represented
by a set of local descriptors Fi = {F 1

i , F 2
i , . . . , Fαi

i } where F k
i ∈ R

d and d =
4096 or d = 162, respectively, depending on whether the underlying Xi is an
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image. In addition, αi represents the number of local descriptors extracted from
Xi. Further, {C1, C2, . . . , CL} represents the set of category specific codebooks
learned by the proposed algorithm by exploiting the local features extracted
from TR, whereas C = [C1C2 . . . CL] is the global codebook obtained by the
concatenation of the local ones.

The framework is elaborated in the following sections.

3.1 Extraction of Local Features

We consider category independent region proposals to highlight local regions in
still images.

Region proposal generation techniques highlight region segments in the image
where the likelihood of the presence of an object part is high. This provides a
structured way to identify interesting locations in the image and thus reduces
the search space for efficient codeword generation. We specifically work with the
objectness paradigm for region proposals generation from still images which is
based on modeling several aspects regarding the characteristics of the objects
in a Bayesian framework. Each region proposal is further represented by the
CNN features. We prefer the ImageNet pre-trained VGG-F [5] model which has
an architecture similar to AlexNet [11], and comprises of 5 convolutional layers
and 3 fully-connected layers. The main difference of VGG-F and AlexNet is that
VGG-F contains less number of convolutional layers and uses a stride of 4 pixels
leading to better evaluation speed than the AlexNet architecture.

3.2 Discriminative Dictionary Learning

We first build category specific codebooks and then concatenate all the local
codebooks to generate a global codebook.

Separate Dictionary Learning for Each Category. For a given l ∈
{1, 2, . . . , L}, the dictionary learning process is summarized as follows:

1. For each training instance with the category label l, we first group the
local descriptors using MS clustering and consider the cluster centroids as
constituting the reduced set of local descriptors. MS is an iterative, non-
parametric clustering method which does not require an estimation of the
number of clusters as input. Instead, it relies on the kernel density esti-
mate in the feature space to group samples which form dense clusters.
Given Fi = {F 1

i , F 2
i , . . . , Fαi

i }, the kernel density estimate at a point F k
i

is expressed as

f(F k
i ) =

1
αihd

αi∑

m=1

K(
F k

i − Fm
i

h
) (1)

where K is a radially symmetric kernel function and h defines the width
of the Parzen window to highlight the neighbourhood around F k

i . A cluster
is identified as the region where the data density is locally maximum. This
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can alternatively be interpreted as the local regions where ∇f ≈ 0. ∇f can
efficiently be calculated by iteratively shifting the centroids of the Parzen
windows until the locally dense regions are reached [7].
Since all the descriptors in a dense region in the feature space highlight
near similar local features, the mean-shift clustering is able to select one
unique representative for all of them. Further, since mean-shift implicitly
estimates the number of clusters present in the dataset, hence, the prob-
lem of over-merging is greatly reduced. On the other hand, spherical cluster-
ing techniques like k-means and fuzzy c-means create suboptimal codebooks
as most of the cluster centroids fall near high density regions, thus under-
representing equally discriminant low-to-medium density regions. MS resolves
such problem by focusing on locally dense regions in the feature space. Let
F̂i = {F̂ 1

i , F̂ 2
i , . . . , F̂ α̂i

i } represents the new set of local descriptors for the ith

training instance where each F̂ k
i represents a cluster centroid.

2. Once F̂is are constructed for all the training instances with category label
l, we vector quantize all such F̂is using MS clustering to build a temporary
codebook Cl = {C1

l , C2
l , . . . , Cβl

l } for the category with each Ck
l representing

a codeword (cluster centroid). Similar to the previous stage, it is guaran-
teed that Cl is ensured to capture all the potential local features for the lth

category.

{C1, C2, . . . , CL} are constructed in the similar fashion for l ∈ {1, 2, . . . , L}. It
is to be noted that the labels of the codewords depend upon the action categories
they refer to. Further, the sizes of the Cls may differ from each other. The Cls
thus obtained are not optimal in the sense that they contain many codewords
with low discriminative property. Such codewords need to be eliminated in order
to build robust category specific codebooks. However, we need a measure to rank
the descriptors based on their discriminative ability. In this respect, the following
observations can be made:

– A potentially discriminative codeword is not frequent over many of the cate-
gories constituting the dataset.

– Most of its nearest neighbors in {C1, C2, . . . , CL} share the same class label
with the codeword under consideration.

We model the first observation in terms of the idea of conditional entropy
whereas the second observation is replicated by the tf-idf score.

For a given codeword Ck
l , we find out the labels of its T nearest neighbours

over the entire set of codewords in {C1, C2, . . . , CL} and subsequently define the
conditional entropy measure as:

H(Y |Ck
l ) = −

L∑

l′=1

p(l′|Ck
l ) log2 p(l′|Ck

l ) (2)

where p(l′|Ck
l ) represents the fraction of the retrieved codewords with label

l′. For discriminative codewords, i.e. the ones which do not span many categories,
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H is small whereas the value of H grows with the selection of codewords shared
by many categories.

In addition to the H score, we also expect the nearest neighbours to be
populated from the same category as of Ck

l . In order to impose this constraint,
we define the tf-idf score for Ck

l as follows:

TI(Ck
l ) =

|Ck′
l′ |Ck′

l′ ∈ knn(Ck
l ) AND l′ = l|

|Ck′
l′ |Ck′

l′ ∈ knn(Ck
l )| (3)

Both the measures are further combined in a convex fashion to define the
ranking measure as follows:

Rank(Ck
l ) = w1

1
H(Y |Ck

l )
+ (1 − w1) TI(Ck

l ) (4)

We repeat this stage for all the codewords in {C1, C2, . . . , CL}. As already
mentioned, the Rank(Ck

l ) has high values for potentially discriminative and
category specific codewords. We rank the codewords on the basis of the Rank
scores and select top B codewords in a greedy fashion in order to define the final
codebook Ĉl for category l.

Global Dictionary Construction. The local codebooks obtained in the
previous stage are concatenated in order to obtain a global codebook Ĉ =
[Ĉ1Ĉ2 . . . ĈL] of size L ∗ B.

3.3 Feature Encoding Using Ĉ

We represent each visual entity with respect to Ĉ using efficient LLC based
encoding technique due to its ability to deal with CNN features in case of action
recognition in still images.

3.4 Classification

The final classification is performed using random forest ensemble classifier [2].
The decision tree learning algorithm used is information gain and bootstrap
aggregation is employed to learn the ensemble model. Thus the forest reduces
classifier variance without increasing bias. Random subspace splitting is used for
each tree split and we consider

√
d features for each split given d original feature

dimensions. The generalization is performed by applying majority voting on the
outcomes of the learned trees.

4 Experimental Details

4.1 Dataset

We consider the Stanford-40 [24] still image action recognition database to eval-
uate the effectiveness of the proposed framework.
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Stanford-40 actions is a database of human actions with 40 diverse action
types, e.g. brushing teeth, reading books, blowing bubbles, etc. The number of
images per category ranges between 180 to 300 with a total of 9352 images. We
use the suggested [24] train-test split with 100 images per category as training
and remaining for testing.

4.2 Experimental Setup

The following experimental setup is considered in order to evaluate the perfor-
mance of the proposed framework.

– MS clustering is used in conjunction with the Gaussian kernel. The adaptive
bandwidth parameter (h) is fixed empirically as D

m (1 ≤ m ≤ 10), where D
is the average pairwise distance of all the local descriptors extracted from
all the visual entities of each category. The same setup is repeated for MS
clustering in the entity and the category levels (Sect. 3.2).

– We extract 500 region proposals per image for the Stanford-40 dataset.
Figure 1 depicts the extracted region proposals for a pair of images from
the dataset. We further discard proposals which are largely overlapping to
each other (overlap of ≥ 50%) in order to highlight potentially discriminative
local patches in the images.

– The number of final distinctive codewords selected for each class based on
the proposed ranking measure in Sect. 3.2 is set between 100 ≤ B ≤ 500 and
the best classification performances are reported. In LLC encoding, 100–200
nearest neighbors per local descriptor are considered to encode the images.
We select the optimal hyper-parameters by cross-validation. Each image in

Fig. 1. Extraction region proposals from images of Stanford-40 using objectness
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the Stanford-40 dataset is optimally represented by a sparse vector of length
8000 × 1 (100 neighbors in LLC).

– Each component tree in the random forest model is essentially a classification
and regression tree (CART) [2]. We conduct experiments with random forest
of different sizes (500–2000) and find that a random forest with 1000 CART
trees exhibits superior performance.

– We compare the overall classification performance of the proposed technique
with the representative techniques from the literature. All the experiments are
repeated multiple times and the average performance measures are reported.

4.3 Performance Evaluation

Table 1 mentions the accuracy assessment of different techniques for the
Stanford-40 dataset. The performances of the methods based on hand-crafted
SIFT-like features are comparatively less (≈35.2%) [21] since the differences in
human attributes for many of the action classes are subtle. Part learning based
strategies obtain better recognition performance in this respect by explicitly
modeling category specific parts. An overall classification accuracy of 40.7% is
obtained with the generic expanded part models (EPM) of [19] which is further
enhanced to 42.2% while the contextual information is incorporated in EPM. The
best performance with shallow features obtained for this dataset is 45.7% by [24]
which performs action recognition by combining bases of attributes, objects and
poses. Further they derive their bases by using large amount of external infor-
mation. The deep CNN models further enhance the state of the art performance
in this respect thanks to the high level features they encode and the ImageNet
pre-trained AlexNet reports a classification accuracy of 46% [11].

The proposed method further enhances the recognition performance to 49%
while considering B = 200 codewords per visual category. We further observe a
minor enhancement (≤0.75%) in the classification accuracy for B ≤ 275 after
which the performance degrades to some extent before being saturated to 47%. In
this case, our method encapsulates the advantages of deep and shallow models
effectively in a single framework. The CNN based region proposals are capa-
ble of encoding high level abstractions from the local regions. Since the images
are captured in unconstrained environments, the backgrounds are uncorrelated
in different images of a given category. The per category dictionary learning
strategy reduces the effects of such background patches and the proposed rank-
ing measure further boosts the proposals corresponding to the shared human
attributes, human-objects interaction etc. for a given action category. In con-
trast to other techniques which are based on SVM classifier, our framework
relies on the random forest model which does not explicitly require any cross-
validation. Further, the ensemble nature of the classifier reduces the number of
misclassified actions to some extent. We further observe that performance of the
random forest model gradually improves with growing number of CART trees
within the range 500–1000 and a random forest model with 1000 trees outputs
the best performance.
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Table 1. A summary of the performance of our classification framework for the
Stanford-40 data in comparison to the literature

Method Classification accuracy

ObjectBank [14] 32.5%

LLC with SIFT features [21] 35.2%

Spatial pyramid matching kernel [12] 34.9%

Expanded parts model [19] 40.7%

CNN AlexNet [11] 46%

Proposed framework (with a per class codebook with 200 codewords and LLC encoding) 49%

5 Conclusion

We introduce a novel supervised discriminative dictionary learning strategy for
the purpose of action recognition from still images. We leverage the available
training samples to optimally rank local features which are robust and discrim-
inative. Further, we initially cluster the local features at the entity as well as
category levels to eliminate the effects of features corresponding to non-recurrent
or background locations. The proposed ranking paradigm holds wider applica-
tions in areas including feature selection, ranked set generation for retrieval etc.
The effectiveness of the proposed dictionary learning is validated on challenging
dataset (Stanford-40), on which, superior performance measures can be observed
in comparison to popular techniques from the literature. We currently focus on
the learning to rank paradigm for effective dictionary learning.
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