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Abstract. Many successful object detection systems characterize object classes
with a statistical profile over a large number of local features. We present an
enhancement to this method that learns to assemble local features into features
that capture more global properties such as body shape and color distribution.
The system then learns to combine these estimated global features to improve
object detection accuracy. In our approach, each candidate object detection from
an off-the-shelf gradient-based detection system is transformed into a conditional
random field. This CRF is used to extract a most likely object silhouette, which
is then processed into features based on color and shape. Finally, we show that
on the difficult Pascal VOC 2007 data set, detection rates can be improved by
combining these global features with the local features from a state-of-the-art
gradient based approach.

1 Introduction

Recently, the field of computer vision has taken great strides in the area of object de-
tection. Many of today’s top performing systems perform recognition based on a con-
stellation of local gradient features [1,2]. These systems have performed well on many
of the latest object detection datasets [3,4]. However, the performance of these systems
varies dramatically from object to object. For example, in the recent PASCAL VOC
2008 detection challenge [4], top performing local feature approaches performed very
well on object classes with predictable structures such as bicycle, car and train. On
the other hand, objects that are highly deformable and/or viewed from a diverse set of
perspectives, such as bird, dog, and plant, were detected less than half as accurately.

In Figure 1 we show several false detections of one such approach [1]. This approach
models object classes with a spatial histogram of gradients. Indeed, it is possible to see
how in each case the local gradient features could confuse the detector. Still, to a human,
these cases are not problematic as there are clear cues that the objects in question are
not present.

In this paper, we present a more directed approach, in which high-level color and
shape consistency features are estimated and utilized for object detection. We demon-
strate that by combining these high-level features with confidence values from a state-
of-the art object detection system, we are able to improve detection accuracy on the
difficult subclass of animals from the PASCAL VOC 2007 dataset [3].
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Fig. 1. False Positives (at equal error rate) of Felzenszwalb et al. [1]. The local features found by
the gradient-based detector are consistent with the proposed class. However, in these cases, shape
and color consistency can provide a strong cue that the object of interest is not present.

2 Approach

Our approach is illustrated in Figure 2. A black-box gradient-based object detector [1]
is used to hypothesize object locations. We extract an image subwindow around each
candidate detection, and construct a conditional random field probability model to es-
timate the most likely silhouette corresponding to each detection. These silhouettes are
processed for global object shape and color features, which are amended to features
available from the gradient-based detector, and a hybrid detector is trained to more ac-
curately score candidate object detections.

Conditional Random Field. Conditional random fields [5,6,7], a probabilistic frame-
work for classifying structured inputs, represent the conditional probability of a label-
ing, Y, given structured data, X, in the form of an undirected graphical model. The
probability of a label sequence given observed data is equal to a normalized potential
function:

P (Y|X) =
eψ(Y,X)

Z(X)
. (1)

where Z(X) =
∑

Y eψ(Y,X) is a normalization factor.
We utilize a conditional random field to estimate the most likely object silhouette

within an image subwindow. The input, X is a graph (V,E), with one vertex corre-
sponding to each pixel, and an edge between each adjacent pixel. Y = {yv, v ∈ V } is
the labeling of each pixel into one of two classes, object (1) or background (0). Addi-
tionally, we introduce a vector of unobservable index variables W = [wf , wb], related
to the appearance of the foreground and background. Their role is described in the next
section. The log potential function is then a sum of two terms, based on appearance and
boundary.

ψ(Y,W,X) = ψa(Y,W,X) + ψb(Y,X) . (2)
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Fig. 2. Our approach

Appearance Potential. The appearance potential function must capture consistency
between image pixel colors and the corresponding pixel label. It is important to note
that object classes can be made up of a diverse set of individuals. Taking, for exam-
ple, the variety of dog breeds, our probability model must assign high probability to
labellings consistent with the coloring of either a German Shepherd or a Golden Re-
triever, but not when the foreground is a mixture of the two. For this reason we employ
a nearest-neighbor like approach in our appearance potential function. We extract from
the training images a set of object color histograms, one per individual, and introduce
index variable wf to represent the training individual to which the object labeled pix-
els are matched. Similarly, we introduce a second index, wb, to represent the training
background to which the background pixels match. Allowing wf and wb to vary sepa-
rately allows us to correctly recognize cases where, for example, a Dalmatian is located
outdoors, even if in training we only saw Dalmatians indoors and other dogs outdoors.

We define the appearance potential then as:

ψa(X,W,Y) =
1
|V |

∑

v∈V

(
(yv)φ

(
col(v), histf,wf

)
+ (1 − yv)φ (col(v), histb,wb

))
)
. (3)

φ(c, hist) = θ1log(hist(c)) . (4)

where hist(c) is the value of the corresponding color histogram at color c. φ(c, hist)
can be interpreted as the negative description length of color c given the color probabil-
ity distribution implied by hist.

Boundary Potential. Relative to the total number of edges in X, we expect the number
of edges joining foreground and background pixels to be few, and thus we define the
boundary potential function to penalize large numbers of boundaries:
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ψb(X,Y) =
∑

e=(vi,vj)∈E

θ2 boundary(yi, yj)
width(X) + height(X)

. (5)

where boundary(yi, yj) = 1 if yi �= yj and 0 otherwise, width and height denote the
width and height (in pixels) of the image subwindow. Here we normalize by their sum,
as we expect the number of transition edges to be roughly proportional to this value.

CRF Construction. Given a candidate detection bounding box, we construct the input
X for our conditional random field as follows. First we form an image subwindow by
enlarging the bounding box by a factor of 1

2 in each dimension in order to ensure that the
entire object is contained should the bounding box be slightly too small. Because of the
potentially large number of CRF’s that are constructed and evaluated on a test image we
employ the following approximations for efficiency. Instead of considering all possible
(0,1) labelings over all pixels, we first apply an off-the-shelf segmentation algorithm [8]
to segment the pixels into contiguous regions of similar color. Then, all pixels in each
segment are constrained to have the same label. The segmentation algorithm parameters
are dependent on the size of the bounding box ((sigma,minsize) ranges from (.5, 125)
when bounding box < 16384 pixels to (4, 1000) when bounding box > 65536 pixels).
This strategy produces a roughly constant number of segments in the image subwindow,
independent of its size (roughly 30 to 50). As we do not expect the object to extend into
regions of the image outside of the CRF, all segments that extend beyond the image
subwindow are constrained to be labeled as background.

Training. The individual object and background histograms are estimated from the
silhouetted subset of training images from the PASCAL VOC 2007 dataset [3]. This is
done simply by enlarging the annotated silhouette’s bounding box as described above
and recording each constituent pixel’s color in the object or background color his-
togram. Colors are discretized into a 4096 bin smoothed histogram [9].

In order to learn CRF parameters θ, we construct a graphical structure and segmen-
tation as described above for each object instance in the training images. Pixels are
assigned foreground/background labels based on whether their associated segment is
mostly in the silhouette or not. Thus we have a set (Xt,Yt), t = 1, ..., N of structured
inputs and pixel-wise labelings. Indices wtobj and wtback are free parameters, but are
constrained so as not to self-reference.

Ideally we could choose θ by maximizing the conditional log likelihood of the train-
ing data. Unfortunately, this requires calculating the normalizing factor Z(X), which
involves a sum over all pixel labelings, and so is not feasible. Thus, we employ an
approximate method, contrastive divergence [10]. In contrastive divergence, a Markov
chain is started at the correct labeling and run for a small number of steps (in our case
one), and then the parameters are updated according to:

θs+1 = θs + λ

(〈
∂ψ(X,Y)

∂θ

〉

Y0

−
〈
∂ψ(X,Y)

∂θ

〉

Y1

)

. (6)



Object Detection by Estimating and Combining High-Level Features 165

where Y0 is the label distribution defined by the training data, and Y1 is the label dis-
tribution after one step in the Markov chain. This update has the effect of shaping the
potential function locally to encourage the correct labeling. With the small number of
parameters in our CRF model (two), we find that convergence is very fast (approxi-
mately 3000 iterations).

Application. For test images we proceed as follows. First the image is input to our
black-box gradient based object detector, resulting in a set of candidate detections
bounding boxes and associated scores, {(Bj , sBj ), 1 ≤ j ≤ M}. This set is pro-
cessed by a non-maximal suppression procedure, in which any candidate detections
with stronger candidate detections nearby (overlapping by 80%) is removed. For each
bounding box we construct a conditional random field by enlarging the bounding box
and performing a size appropriate segmentation as described above.

The CRF defines a probability over all object/background labellings. Because of
the large number of CRF’s constructed (5 to 100 per image), evaluating each labeling
is infeasible. Thus we find one high-probability labeling as follows. We initialize the
labels such that all segments are assigned background except for those located entirely
within the candidate bounding box Bj . wf and wb are chosen so as to maximize the
color potential function. Then, segment labellings and indices are iterated through and
changed as necessary so as to find a local maximum in the probability field. This set
of (X,Y) pairs (one per candidate bounding box) is forwarded to the next stage for
feature extraction.

3 High-Level Features

Color Consistency. Once the object silhouette, S, is estimated, we extract the fore-
ground and background color histograms (hS,f and hS,b). These histograms can then
be compared to those from the training images. We generate two features (Equations
9 and 10) based on the consistency between these histograms and the matched train-
ing instances, and a third color feature to represent how salient the object/background
distinction is (Equation 11):

fS,f,col = −
(

min
wf

DKL

(
hS,f , histf,wf

)
)
)

. (7)

fS,b,col = −
(

min
wb

DKL (hS,b, histb,wb
))

)

. (8)

where DKL represents Kullback-Leibler divergence. Let hS,all be the histogram of all
pixels in the candidate subwindow, and letwf = argminwf

DKL(hS,f , histf,wf
)) and

wb = arg minwb
DKL(hS,b, histb,wb

)). The saliency feature is then:

fS,colsal = fS,objcol + fS,backcol

+DKL

(
hS,all, histf,wf

)
)

+DKL (hS,all, histb,wb
)) . (9)
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Shape Consistency. We generate one feature fS,shape to represent the shape consis-
tency between the estimated object silhouette and those seen in the training images. To
do so, we first define a function, ShapeRep, that inputs a silhouette and outputs a 500
dimensional vector of shape characteristic features. ShapeRep operates by placing a 10
x 10 grid (indexed by (i,j)) over the silhouette’s bounding box, and calculating 1 shape
element, eshapei,j , and 4 boundary elements, eboundaryi,j,k (k = {up, down, left, right}),

per cell. eshapei,j equals the fraction of foreground pixels in cell (i,j), and eboundaryi,j,k equals
the fraction of total boundary edges located in cell (i,j) with orientation k. Finally, the
vector is normalized to length 1. Again, we utilize a nearest neighbor approach in defin-
ing fS,shape,

fS,shape = max
T∈Dsil

ShapeRep(S) · ShapeRep(T ) . (10)

where Dsil is the set of training silhouettes and their horizontal reflections.

Feature Combination. In order to combine the silhouettes/high-level features with the
original set of bounding boxes/gradient scores, we define the following function:

match(Bj , Si) =
IntersectionArea(Bj ,Box(Si))

UnionArea(Bj ,Box(Si))
. (11)

where Box(Si) returns the minimal size box fully enclosing silhouette Si. The match
function ranges from 0 to 1 and measures the compatibility between a bounding box and
silhouette. For each bounding box Bj we first identify those silhouettes Si for which
match(Bj , Si) is greater than threshold α. Then, for each high level feature fk, we set
fBj ,k to the maximum value of fk across all corresponding silhouettes.

Combined examples can then be assigned an overall confidence using a simple linear
weighting of the bounding box score and high-level features of the combined example.
In our empirical evaluations, detection methods are scored based on average precision
over all recalls, and so we maximize this value over a set of withheld validation data
(constraining all weights to be positive). Given the small number of features, we are able
to implement this with a simple random walk through the weight space. Paramaeter α
is optimized in this procedure as well.

4 Empirical Evaluation

We test our method on the set of animal categories from the PASCAL Visual Object
Classes 2007 Detection Challenge dataset [3].1 Animals (bird, cat, cow, dog, horse and
sheep) are a difficult subclass of objects to detect because of their highly deformable
nature. Object silhouettes are provided for roughly 5% of the images. As described
in section 3.5, training image silhouettes are used to acquire object/background color

1 We choose the 2007 dataset as the PASCAL VOC 2008 test data is not publicly available at
the time of writing.
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histograms and shape representations. This procedure results in approximately 50 train-
ing examples per class.

For the black-box gradient-based approach, we use the latest object detection system
of Felzenszwalb et al., [1,11]. This system represents the state of the art earning the
highest published overall detection rates for both the VOC 2007 and VOC 2008 detec-
tion challenges. We take advantage of their publicly available detection source code.
While their model training code is unavailable at the time of writing, they made avail-
able models for each of the 20 VOC 2007 object classes. As the gradient based system
has already been trained on all training images, in order to learn the linear combination
parameters we randomly select half of the test images for validation. The parameters
are chosen so as to maximize the average precision across the validation set. Finally,
the combined approach is evaluated against the remaining test images. We repeat this
process 6 times and take the average results.

In the VOC detection challenge, a correct detection is defined as one for which
there exists an annotated ground truth bounding box of the same class such that
AreaofIntersection

AreaofUnion > 1
2 , however, only one detection is permitted for each ground-truth

bounding box, all subsequent detections are considered false positives. We compare the
performance of our combined approach (Low-level + High-Level Features) to that of
the gradient based detector alone (Low-Level Features). For each system, the candidate
detections are ranked based on confidence, non-maximal suppression is performed, and
the average precision over all recalls is evaluated. Results appear in table 1.

Table 1. Our Detection Rates vs. [11](Average Precision). †: Best in VOC 2007 Detection Chal-
lenge (Cow, Horse) and VOC 2008 Detection Challenge (Bird).

Our System
State of the Art (Low-Level +

Class (Low-Level) [11]† High-Level) Change

Bird .0193 .0242 25.4%
Cat .115 .120 4.3%
Cow .148 .144 -2.5%
Dog .098 .117 19.4%
Horse .362 .372 2.9%
Sheep .245 .248 1.4%

We see that the inclusion of high level features improves the results substantially for
the two most difficult of the six classes (bird and dog). Potentially, the wide variety
of perspective and poses for these objects renders the gradient based detector volatile,
and the global color consistency features serve as an important cue. Improvements in
other classes are modest (cat, horse, sheep), and the high-level features only decreases
performance in one case (cow), and by a small amount. This is likely due to the low
dimensional nature of the high-level features, which help the overall system resist over-
fitting the validation data. Example silhouettes are shown in Figure 3.
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Fig. 3. Example estimated object silhouettes. The last three columns illustrate the matched train-
ing instance for each of object color, background color, and object shape.

5 Conclusion

We present an approach to object detection that enhances the low-level local feature ap-
proach popular in today’s literature with a high-level feature extraction stage to
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increase accuracy in object detection. In our approach candidate detections are fed into
a conditional random field probability model to identify the most likely silhouette cor-
responding to each detection. Based on these silhouettes, color and shape consistency
features are extracted and combined in a simple linear weighting for enhanced detection
accuracy. We demonstrate the merit of our approach on the difficult animal classes from
the PASCAL VOC 2007 object detection dataset.
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