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ABSTRACT

In this paper, we present a parts-based modeling framework using
Extended Histogram of Gradients (EXHOG) for object detection.
Visual object detection is a challenging issue in computer vision
where objects need to be detected in varying illumination and con-
trast environments. Furthermore, objects belonging to the same class
exhibit large intra-class variations. Here, we propose using EXHOG
with the discriminatively trained deformable part models of Felzen-
szwalb et. al. [1]. This framework is based on mixtures of multiscale
deformable part models. EXHOG is a novel feature proposed earlier
for the purpose of human detection and has shown promising results
against other state-of-the-art approaches. The proposed approach is
tested on INRIA Human data set and the PASCAL VOC 2007 data
set. Results demonstrate superior performance on INRIA compared
to existing state-of-the-art approaches and improved performance on
PASCAL VOC 2007.

Index Terms— extended histogram of gradients, parts-based,
pascal, object detection, feature extraction

1. INTRODUCTION

Object detection has been the focus of researchers for years in com-
puter vision. One of the main challenges in developing a reliable
object detection method arises from the large intra-class variations.
Objects within the same class often have large variations in appear-
ance. Furthermore, objects need to be detected in different illumina-
tion and contrast environments. An object detection approach should
be able to represent objects in a way that minimizes intra-class and
maximizes inter-class variations.

Object detection approaches can be divided into two groups -
approaches that use holistic feature representation and approaches
that use parts-based feature representation. Holistic feature repre-
sentation typically include dense overlapping sampling of features
at various locations and scales of the image which are then concate-
nated to represent the whole object. Various holistic feature rep-
resentations such as raw pixel intensities [2], dense Scale-Invariant
Feature Transform (SIFT) [3, 4, 5], Wavelet [6], Haar-like features
[7], Histogram of Oriented Gradients (HOG) [8, 9], Extended His-
togram of Gradients (EXHOG) [10, 11], Feature Context [12], Local
Binary Pattern (LBP) and its variants [13, 14, 15, 16], Local Ternary
Pattern (LTP) [17], Geometric-blur [18] and Local Edge Orientation
Histograms [19] have been proposed over recent years. Holistic fea-
ture representations underperform when there are heavy occlusions
or clutter in the image. Furthermore, they cannot fully represent the
variable deformations of objects.

In order to alleviate the issues of holistic feature representations,
parts-based feature representations have been presented in several
works. Some use deformable part-template models [20, 21, 22].
Others use geometric constraints to localize parts of objects for fea-
ture representation [23, 24, 25]. The discriminatively trained de-
formable part models of Felzenszwalb et. al. [1] remains as one of
the popular state-of-the-art approaches for parts-based object detec-
tion. The approach uses a mixture of star-structured part-based mod-
els defined by a “root” filter and a set of part filter and deformation
models. A latent Support Vector Machine (SVM) is then used for
training and testing. The features used in their work are “analytic”
versions of HOG and HG.

In earlier works [10, 11], EXHOG, in a holistic feature repre-
sentation, was proposed for human detection to alleviate the issues
of Histogram of Gradients (HG) and Histogram of Oriented Gradi-
ents. It did so by considering both the sum and absolute difference
of HG with the opposite gradients. In comparison to other holis-
tic feature representations, EXHOG consistently performed better.
However, in the presence of occlusions and variability of human ar-
ticulations, it performed sub-optimally in comparison to parts-based
feature approaches [1, 26]. Furthermore, the application of EXHOG
was only restricted to human detection.

In this paper, we adopt the framework of [1] to do a parts-based
modeling using EXHOG for object detection. The HOG feature in
[1] is replaced with EXHOG and a discriminative deformable part
model is then trained using the latent SVM. The contribution of
the paper is two-fold: 1) The mixture of star-structured part-based
models, defined by a “root” filter and a set of part filter and defor-
mation models, is used for parts-based feature representation using
EXHOG. Hence, the problems associated with holistic EXHOG rep-
resentation is alleviated; 2) The application of EXHOG is extended
to detection of other objects besides humans. Therefore, the gener-
ality of EXHOG is demonstrated and is shown to be not only limited
to the detection of humans. Experiments on INRIA Human data set
and PASCAL VOC 2007 object detection demonstrate superior per-
formance over other approaches.

2. PARTS-BASED EXTENDED HISTOGRAM OF
GRADIENTS REPRESENTATION

2.1. Extended Histogram of Gradients

HG differentiates a situation whereby a bright object is against a dark
background or a dark object is against a bright background. This
differentiation makes the intra-class variation of objects larger. HOG
alleviates this problem by considering the gradients of direction θ
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Fig. 1: PCA of EXHOG features. Each eigenvector is displayed as a 4 × 18 matrix so that each row corresponds to one normalization factor
and each column to one orientation bin. The eigenvalues are displayed on top of the eigenvectors.

and θ + 180◦, 0◦ ≤ θ < 180◦, to be of the same orientation θ only.
In order to solve the problem of HG, HOG treats all gradients of
opposite directions as gradients of a same orientation. However, this
causes HOG to be unable to discern some local structures that are
different from each other as gradients of opposite directions in the
same cell are mapped to the same bin in a histogram. It is possible
for 2 different structures to have similar feature representation.

In order to solve both issues of HG and HOG, Extended His-
togram of Gradients (EXHOG) [10, 11] has been proposed. The
steps in creating EXHOG are explained as follows. The HG block
feature is created as in [8] (without normalization) and is normalized
as follows:

hgnk (i) =
hgk (i)√∑N

k=1

∑L
i=1 (hgk (i))

2
(1)

where hgk (i) is the ith bin value of HG from [8] without normaliza-
tion.

hgck (i) =

{
hgnk (i), hgnk (i) < T
T, hgnk (i) ≥ T ,

(2)

hgcnk (i) =
hgck (i)√∑N

k=1

∑L
i=1 (hgck (i))

2
(3)

where N is the number of cells in the block and T is the clipping
threshold.

HOG is created from hgcnk (i) as follows:

hogk (i) = hgcnk (i) + hgcnk (i+
L
2
), 1 ≤ i ≤ L

2
(4)

where hogk (i) is the ith bin value of HOG.

Difference of HG (DHG) is created as follows:

hdgk (i) = |hgcnk (i)− hgcnk (i+
L
2
)|, 1 ≤ i ≤ L

2
(5)

where hdgk (i) is the ith bin value of DHG. DHG produces the same
feature as HOG for patterns that contain no gradients of opposite di-
rections. It differentiates these patterns from the ones that contain
opposite gradients by assigning small values to the bins that the gra-
dients are mapped to.

The concatenation of these 2 histograms produces EXHOG as
follows:

hegk (i) =

{
hgcnk (i) + hgcnk (i+

L
2
), 1 ≤ i ≤ L

2

|hgcnk (i)− hgcnk (i− L
2
)|, L

2
+ 1 ≤ i ≤ L,

(6)

where hegk (i) is the ith bin value of ExHoG.

2.2. PCA and Analytic Dimensionality Reduction

In [1], Principal Component Analysis (PCA) [27] was performed on
the HOG cell features. It was discovered that the top few eigenvec-
tors had some special properties that allowed for some dimension
reduction without loss of information. Since HOG is being replaced
with EXHOG in this work, PCA is also performed to analyze the top
few eigenvectors. The eigenvectors are displayed in Fig. 1.

EXHOG is defined using four different normalizations of a 18-
dimensional histogram over orientations for each cell. Therefore, it
can be viewed as 4 × 18 matrix for a cell. The top 28 eigenvectors
in Fig. 1 exhibit a special structure similar to the ones in [1]: They
are each (approximately) constant along each row or column of their
matrix representation. Hence, they lie (approximately) in a linear
subspace defined by sparse vectors that have ones along a single row



Fig. 2: One-component model with 8 parts learned using INRIA.
The model is defined by a coarse root filter (left most), several higher
resolution part filters (middle) and a spatial model for the location
of each part relative to the root (right most). The visualization of
the spatial models reflects the cost of placing the center of a part at
different locations relative to the root.

or column of their matrix representation. Therefore, the analytic
dimensionality reduction as defined in [1] can be used to reduce the
dimensions of EXHOG in a similar manner.

In [1], a concatenation of HG and HOG features was used. In
our implementation, EXHOG is concatenated with HG. Hence, for
each cell, following the analytic dimensionality reduction in [1], the
cell feature is recomputed by summing the 4 histograms of EXHOG
and HG and concatenating the four normalization factors (of HG) to
form a 40-dimensional vector. An EXHOG feature pyramid is then
defined by computing EXHOG features of each level of a standard
image pyramid. Features at the top of the pyramid capture coarse
gradients histogrammed over fairly large areas of the input image
while features at the bottom of the pyramid capture finer gradients
histogrammed over small areas.

2.3. Parts-based representation

The parts-based representation adopted for EXHOG is described in
brief as follows. For complete details on the representation, read-
ers are referred to [1]. Every object is represented by a mixture of
models, M = (M1, ...,Mm) where Mc is the model for the c-th
component and m is the number of components. A singular ob-
ject model consists of a global “root” filter (which covers the entire
object) and several higher resolution part models covering smaller
parts of the object. Each part model specifies a spatial model and
a part filter. The spatial model defines a set of allowed placements
for a part relative to a detection window, and a deformation cost for
each placement. All of the root and part models involve linear filters
which are rectangular templates specifying weights for subwindows
of an EXHOG pyramid. They are applied to a dense EXHOG ar-
ray whose entries are feature vectors computed from a dense grid of
locations in an image.

Let F be a w×h filter. LetE be a EXHOG feature pyramid and
p = (x, y, l) specify a position (x, y) in the l-th level of the pyramid.
Let φ(E, p, w, h) denote the vector obtained by concatenating the
feature vectors in the w × h subwindow of E at p. The score of
F at p is F ′ · φ(E, p, w, h), where F ′ is the vector obtained by
concatenating the weight vectors in F . Subsequently, w and h are
dropped from the notations here on as these dimensions are already
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Fig. 3: Performance of EXHOG LATSVM-V2 on INRIA against
other existing state-of-the-art methods [Best viewed in colour]. EX-
HOG LATSVM-V2 outperforms all other methods.

defined by the dimensions of F .
An object model Mc with nc parts is defined by a root filter,

F0, a set of part models (P1, ..., Pnc) where Pi = (Fi, vi, di) and
a bias term, b. Fi is a filter for the i-th part, vi is a two-dimensional
vector specifying a position for part i relative to the root position,
and di is a four-dimensional vector representing coefficients of a
part deformation cost quadratic function.

The placement of a mixture model componentMc in an EXHOG
pyramid is defined as z = (p0, ..., pnc), where pi = (xi, yi, li)
specifies the level and position of the i-th filter. The score of a place-
ment z can be expressed as a dot product, βc ·ϕ(E, z), of a vector of
model parameters βc and a vector ϕ(E, z). βc and a vector ϕ(E, z)
are defined as follows:

βc = (F ′0, ..., F
′
nc
, d1, ..., dnc , b), (7)

ϕ(E, z) = (φ(E, p0), ..., φ(E, pnc), (8)
− φd(dx1, dy1), ...,−φd(dxnc , dync), 1),

where (dxi, dyi) is the displacement of the i-th part relative to vi
and φd(dxi, dyi) are the deformation features. This relationship is
used to learn the model parameters with the latent SVM framework.
To detect objects in an image, the overall score is computed for each
root location according to the best possible placement of the parts.
High-scoring root locations define detections, while the locations of
the parts that yield a high-scoring root location define a full object
placement.

3. EXPERIMENTAL STUDY

Experiments are performed on two data sets - INRIA Human [8] and
PASCAL VOC 2007 [28] - to demonstrate the effectiveness of parts-
based modeling using EXHOG. Furthermore, we also show that EX-
HOG can be used for general object detection with improved results
on PASCAL VOC 2007 which contains 20 different object cate-
gories. Results are reported for INRIA using the per-image method-
ology suggested in [29] as the authors have shown it to be a better
evaluation method. For PASCAL VOC 2007, the average precision
(AP) of a precision-recall curve for each object class is reported. For
both data sets, a cell size of 8 × 8 pixels is used with a block size



Table 1: Summary of PASCAL VOC 2007 Results.

aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv
without 35.5 61.6 10.8 16.1 28.0 49.8 58.8 19.6 22.4 24.7 23.9 13.4 59.3 48.7 43.5 13.6 22.7 35.3 48.1 41.9EXHOG context

LATSVM-V2 with 37.9 62.6 13.3 17.6 29.9 49.8 61.1 24.1 23.6 27.6 25.0 15.1 62.1 51.8 45.3 15.6 22.2 38.6 50.2 43.0context

LATSVM-V2

without 33.2 60.3 10.2 16.1 27.3 54.3 58.2 23.0 20.0 24.1 26.7 12.7 58.1 48.2 43.2 12.0 21.1 36.1 46.0 43.5context
with 36.6 62.2 12.1 17.6 28.7 54.6 60.4 25.5 21.1 25.6 26.6 14.6 60.9 50.7 44.7 14.3 21.5 38.2 49.3 43.6context

(a) car

(b) aeroplane

Fig. 4: Three-component models with 8 parts learned for (a) car and
(b) aeroplane classes.

of 2 × 2 cells. The number of bins for each cell for ExHoG is 18.
A 50% overlap of blocks are used in the construction of the feature
vectors. The HG block feature is normalized using a clipping value
of 0.2. The number of parts is set at 8. A latent SVM [1] classifier
is used for both data sets. The training procedure in [1] is followed
closely to train our root and part-detectors which includes mining
for hard negatives to re-train the detectors. The overall detector is
referred to as EXHOG LATSVM-V2.

3.1. INRIA Human

A one-component model for detecting humans is trained for INRIA
using the INRIA training set which consist of 614 positives images
and 1218 negative images. The sliding window size is 128 × 64
pixels. Fig. 2 shows the model learned. The INRIA test set consist
of 288 images. The images are scanned over multiple scales at a
scale step of 1.07. The window stride is 8 pixels in the x and y
directions. The miss rate against false positives per image is plotted
to compare between different detectors. The log-average miss rate
(LAMR) [29] is used to summarize the detector performance.

The performance of EXHOG LATSVM-V2 is compared with

LATSVM-V2 [1], CROSSTALK [30] and VERYFAST [31] in Fig. 3.
EXHOG LATSVM-V2 achieves a LAMR of 13% which is signifi-
cantly lower than all the methods being compared with.

3.2. PASCAL VOC 2007

The PASCAL VOC 2007 data set contains 20 object classes and
9,963 images, containing 24,640 annotated objects. The data set is
split into two parts: 5011 images for training and 4952 images for
testing. A three component-model is trained for each class. Fig. 4
shows the model learned for 2 object classes.

During testing, the images are scanned over multiple scales at
a scale step of 1.07. The window stride is 8 pixels in the x and y
directions. The bounding boxes of all objects of a given class in
an image are predicted. A bounding box is considered correct if it
overlaps more than 50 percent with a ground-truth bounding box.
Multiple detections are penalized. If several bounding boxes that
overlap with a single ground-truth bounding box are predicted, only
one prediction is considered correct. The others are considered false
positives. We rescore detections using contextual information sim-
ilar to [1]. This procedure has been noted to improve AP on sev-
eral object classes. Table 1 summarizes the results (AP score in %)
of EXHOG LATSVM-V2 against LATSVM-V21. Out of the 20 ob-
ject categories, EXHOG LATSVM-V2 performs better or same (only
for boat category) than LATSVM-V2 in 16 object categories. This
demonstrates that ExHoG can also be applied for detection of other
objects besides humans and can achieve a better average detection
performance.

4. CONCLUSION

This paper presents a parts-based modeling approach using Ex-
tended Histogram of Gradients (EXHOG) for object detection. This
approach alleviates the problems of holistic EXHOG modeling
which include poor performances in the presence of clutter, occlu-
sions and variable articulations of objects. The parts-based approach
of Felzenszwalb et. al. [1] is adopted and analysis of EXHOG
cell features using PCA is conducted to determine appropriate di-
mension reduction to reduce complexity analysis. Furthermore,
EXHOG is extended to other object detection problems to demon-
strate that EXHOG can be used for general visual object detection
problem. Results indicate that using parts-based modeling and EX-
HOG improves detection performance significantly for INRIA and,
in comparison to LATSVM-V2, achieves better average precision
for 16 out of 20 object categories in PASCAL VOC 2007.

1These results are obtained from the website of the authors of [1] at
http://people.cs.uchicago.edu/ rbg/latent/. They are the most updated based
on the latest version of their code.
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