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ABSTRACT
Classifying frames, or parts of them, is a common way of carrying
out detection tasks in computer vision. However, frame by frame
classification suffers from sudden significant variations in image texture, colour and luminosity, resulting in noise in the extracted features and consequently in the decisions taken. Support Vector Machines have been widely validated as powerful tools for frame by
frame detection of non-separable datasets, but are extremely sensitive to these variations between adjacent frames, creating as consequence sudden flickering in the classification results. This work
proposes a Dynamic Bayesian Network to smooth the classification
results of Support Vector Machines (SVM) in detection tasks. The
method is evaluated in First Person Vision (FPV) videos, where a
SVM is used to decide whether or not the user’s hands are in his
field of view.
Index Terms— Classification; Detection; Bayesian Filtering;
Hand detection; First Person Vision; Egocentric Vision; Wearable
computing
1. INTRODUCTION
Classification-for-detection is a widely studied area in computer science. Its main objective is to decide whether a particular object O
is present in the environment. The variety of objects to detect is
broad and multiple applications were investigated, such as pedestrian detection [1, 2, 3, 4, 5], hand detection [6], face detection [7],
intrusion detection [8], among others. In computer vision, a common approach to detect O in an image (or in a video sequence) is to
exploit a classifier under a supervised framework, using a balanced
training dataset with O and non-O sample images. In particular,
samples (especially non-O) should be sufficiently heterogeneous in
order to allow a good discrimination of the two classes.
The problem of detection is often related to the localization of an
object in a frame (equivalently, the problem can be formulated as the
detection of an object in a localized sub-part of the frame). This task
is frequently faced in an iterative way, classifying images framed by
a sliding window of different sizes moving across the image. All
these approaches are derived from the seminal work by Viola and
Jones [9], in turn inspired by [10]. Despite being computationally
expensive, these strategies are widely accepted as a powerful strategy
for object detection and localization.
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Instead of classifying raw images directly, it is usually preferable
to classify extracted features. Multiple alternatives have been previously evaluated depending of the detection goal. An extensive literature is available: some of the more popular image features are color
histograms [11, 12] to detect parts of the human body, global features as GIST [13] to detect general properties of the scene, rotation
and scale invariant features as SIFT [14] to detect and identify multiple objects at different scales and positions, and shape features as
Histogram Oriented Gradients (HOG) [2] to exploit particular characteristic in the shape of objects. Recent approaches use mixtures
of features at different levels under the deep learning framework
[15]. Regarding the classifiers, multiple alternatives are available.
However, a general consensus has been achieved about the powerful
combination between HOG and Support Vector Machines (SVM),
particularly for non separable datasets [2, 6].
These approaches are developed and trained without using temporal information, therefore their application in video sequences is
usually carried out as a naive frame by frame classification [16],
which is extremely sensitive to small frame-to-frame features’ variations. To alleviate this problem some researchers smooth the features
to reduce their spatial and temporal variations [17]. Temporal stability of the detections can be considered as a common goal for many
video processing applications, thus a dynamic smoothing is typically
more important than the spatial approach. For instance, this is done
for depth videos [18] and for RGB first-person videos [19] at pixel
level.
This paper presents a Dynamic Bayesian Network (DBN) to
smooth the classification-decision process within the detection problem. The proposed method relies on the theoretical construction of
the SVM to exploit the level of uncertainty of the decision. The
approach is computationally effective, because, by using the classification certainty of the SVM, it avoids filtering a multidimensional
vector of features. Namely, we propose to move the filtering step at
a higher hierarchical level in the estimation process (Figure 1). In
fact, we point out that different hierarchical levels of features can be
extracted from an image, starting from trivial pixel level ones, to end
up with global color histograms, GIST, HOG, among others. Eventually, the output of a classifier can be accounted for as a high level
feature. In addition, our approach is almost independent of the underlying feature level, meaning that it could easily be adapted to new
features. The proposed method is suitable for the general problem of
object detection, however its applicability is particularly effective for
highly variable signals like FPV videos in which noise is high. See
[20] for a general overview of FPV methods. To illustrate the performance of the DBN we extend the frame by frame hand-detector
proposed by [6] and compare the results. In the evaluation procedure
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we use, as the original work suggest, HOG, GIST and multiple color
spaces. However, due to theoretical issues, only SVM is used for
classification. The authors in [21] briefly summarize the importance
of a reliable hand-detector to develop hand-based methods in FPV.
The remainder of this paper is organized as follows: Section 2
presents the DBN network and each of its parts, summarizing in section 2.1 and 2.2 the basic concepts behind SVM and Kalman filter
respectively, and explaining how to use them in the detection problem. Finally, section 3 extends the work of [21] using the proposed
DBN. Section 4 concludes and highlights some research lines.

and its iterative equations. For more details about its probabilistic
formulation please refer to [23].
2.1. Support Vector Machine
Let’s assume a dataset composed by training data of N pairs
(F1 , y1 ), (F2 , y2 ), . . . , (FN , yN ), with Fi ∈ Rp and yi ∈ {−1, 1}.
Equation (1) defines a classification hyperplane and equation (2) its
induced classification rule, where β is a unit vector.
{F : f (F ) = F T β + β0 = 0}

(1)

G(F ) = sign(f (F )) = sign(F T β + β0 )

(2)

2. FILTERING THE DECISION PROCESS

HierarchicalMLevel

In this section, a SVM-based detector is extended with dynamic information using the DBN proposed in Figure 1, which sketches a
multiple-level Bayesian filter. Here, we assume the measurement
zk ∈ R as the result of applying the SVM to set of features Fk extracted from the kth frame Ik (this is detailed in Section 2.1). The
state xk ∈ R2 includes the signed distance from the decision boundary of the SVM, enriched with its speed: xk = [f (Fk ), f˙(Fk )].
In the upper level lies the binary variable hk taking the value 1 for
detection and −1 otherwise. The dotted line is drawn to illustrate
the possible filtering at features level, as discussed in the previous
section. However, in our case only the upper level is filtered.

Decision

h1

State

x1

h2

P(x 2 |x 1 )

P(z1 |x 1 )

x2

h k-1

...

P(z2 |x 2 )

SVMM
signed
distance

z1

z2

Feature

F1

F2

Image

I1

I2

...

x k-1

hk

P(x K|x K-1 )

xk
P(zk |x k )

P(zk-1 |x k-1 )

zk-1

zk

Fk-1

Fk

Ik-1

Ik

Time

Fig. 1: Dynamic Bayesian Network for smoothing the decision process.

To quickly illustrate the dynamic filtering procedure, let us assume the knowledge of the state xk−1 . Then using the process model
P (xk |xk−1 ) we predict x̂−
k (a priori estimate). Once the measurement zk is available, we update the estimate x̂k using the measurement function P (zk |xk ). Subsequently the presence (or not) of
hands in the frame k is decided, using sign(x̂k [0]) (taking the sign
is equivalent to a decision threshold equal to 0).
The measurement is the real valued output of the classifier as
explained in Section 2.1, which briefly introduces the SVM as a tool
to classify non separable data, and explains the meaning of the its
coefficients and its relation with the detection problem. For more
details about the SVM the reader can refer to [22]. The process and
measurement models are defined by a linear Kalman filter with constant acceleration. Section 2.2 introduces the discrete Kalman filter
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If the classes are separable then f (F ) is the signed distance from
a point F to the separation hyperplane, and the solution of the optimization problem given by (3) maximizes the margin between the
training points.
min ||β|| subject to: yi (FiT β + β0 ) ≥ 1, ∀i

(3)

min ||β|| subject to: yi (FiT β + β0 ) ≥ 1 − ξi , ∀i,
β,β0
X
ξi ≥ 0,
ξi ≤ K

(4)

β,β0

If the classes are not separable, it is possible to allow some
points to be misclassified and reformulate (3) as (4), where ξ =
(ξ1 , ξ2 , . . . , ξN ) are referred to as the slack variables, and K is constant. Note that ξi is defined by all the points in the training set ∀i;
however, it only takes values different from zero for those points that
fall in the decision boundary or are misclassified. These points are
the support vectors.
Returning to the detection problem, the solution of (4) gives us
a set of coefficients which can be used in (2) as decision criteria.
However, given the final objective this paper, we use the signed distance f (Fk ) to the classification hyperplane as the measurement zk ,
where Fk is a global feature extracted from the k-th frame (Fk in the
proposed DBN). It is important to note that the signed distance to the
decision boundary f (F ) gives both a description of the result G(F )
of the classification (i.e sign(f (F ))) as well as its level of certainty:
in simple words, the larger the distance the more confident the decision (i.e. the less its covariance). Keeping the two pieces of information together allows to have a continuous state variable to be filtered,
instead of a discrete one (G(F ) is indeed binary). In addition, augmenting the state with f˙(F ) allows to control sudden variations of
such confidence. In some sense the filter is thus self-aware of how
good the classification is evolving, which can introduce some feedback mechanism to compensate for poor classification.
2.2. Kalman filter
The previous section proposed how to model the classification state
by including its confidence. This section explains how to transfer
and stabilize the state from time to time, to reduce the number of
wrong decisions caused by little variations in the features between
frames. For this purpose we use a discrete linear Kalman filter. In
general notation, the process model is given by (5) and the measurement model by (6).


xk = Axk−1 + wk−1 ,
zk = Hxk + vk ,

(5)
(6)

 
f (Fk )
1
=
0
f˙(Fk )

∆t
1




f (Fk−1 )
+ wk ,
f˙(Fk−1 )
wk ∼ N (0, Q),

where xk ∈ R is the state and zk ∈ R is the measurement. The matrix An×n relates the state at previous step k − 1 to
the state at current step k. The matrix Hm×n relates the state with
the measurement. The random variables w and v are the process and
measurement noise respectively, which are assumed Gaussian with
zero mean and covariances equal to Qn×n and Rm×m respectively.
Based on these equations, the prediction stage is given by (7),
which, using the current values of x̂k−1 and Pk−1 approximates
−
their next values x̂−
k and Pk . Pk is the error covariance at time
k and x̂ is an estimator of x.

(7)

T

= APk−1 A + Q

Once a new measurement is available the values of xk and Pk
are updated using (8), where K is known as the Kalman gain.

Q = 0.001 ∗


zk = [1, 0]

∆3
t
3
∆2
t
2

∆2
t
2

#

∆t


f (Fk )
+ vk ,
f˙(Fk )
(10)
vk ∼ N (0, 1)

Our approach is evaluated on the UNIGE dataset. This dataset
contains a set of FPV videos, carefully recorded to guarantee a good
balance between frames with hands and without hands, and to offer challenging characteristics such as sudden illumination changes,
camera motion and hand occlusions. The dataset was recorded using
a GoPro hero3+ head mounted camera with a resolution of 1280 ×
720 pixels and 50 fps. In total, 20 videos of approximately 3.34 minutes each (10020 frames) were recorded, 4 per location, of which two
contain only frames with hands and the remaining two contain only
frames without hands. Table 1 summarizes the length of the dataset
in seconds, and Table 2 shows some examples of positive and negative samples for each location.

(8)

3. RESULTS
This section presents the parameters of the decision filter, to address
the hand-detection problem in FPV videos. The presented results
compare performances of the naive (frame by frame) SVM detector
proposed in [6] and the filtered version presented in this paper. The
Kalman filter is formulated as a kinematic model of the position enriched with the speed, and a sampling rate ∆t . Equations (9) and
(10) are the process and measurement model, respectively. The tuning of the filter and the model selection remain an open issue, but it
is important to keep these steps independent of the testing videos to
ensure fair comparisons. Regarding x0 and P0 , we initialize them as
[1, 0] and I2×2 , respectively. However, it is well known that this initialization is not critical in the linear case and related values quickly
stabilize [23]. Looking for a smooth state we define a small covariance in the process model.
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Hands
No Hands

Coffe Bar

At this point it is possible to use x̂k and Pk for a new predicting stage. In the DBN, x̂k is a two dimensional vector, and is used
to decide the value of hk by taking ĥk = sign(x̂k [0]) (as already
mentioned, this is equivalent to have a decision threshold equal to
0).
Ultimately, extracted features which are really close to the decision boundary can jump from one side to the other in consecutive
frames, being their (signed) measured distance zk slightly positive
or slightly negative. Filtering such a distance together with its variation significantly reduces binary classification hopping as shown in
the next section.

Kitchen

Table 1: Length in seconds of each of the parts of the dataset

Bench

Kk = Pk− H T (HPk− H T + R)−1
−
x̂k = x̂−
k + Kk (zk − H x̂k )
Pk = (I − Kk H)Pk−

"

Street

x̂−
k = Ax̂k−1
Pk−

(9)

m

Office

n

493
470

434
434

430
450

442
442

434
462

Total 1.236 1.107 1.155 1.177 1.217

To train the SVM, the frames of the dataset are divided in training and testing. The training frames are the result of sampling one
frame per second from the dataset (2203 frames with hands and 2233
frames without hands) while the remaining part of the videos are
used for testing. The videos, as well as the training frames are distributed for public use in the ISIP40 website1 . To evaluate the performances of the DBN, one SVM per feature is trained using the
training frames. Subsequently, each SVM is used to classify the
whole dataset in a naive fashion first (Frame by Frame) and then using the filtering framework proposed in section 2. Table 3 compares
the naive SVM detector and the filtered decision approach. On average the proposed method improves the number of true-positives by
8.6 percentage points, moving from 82.4% to 91%, and the truenegatives by 6.0 percentage units, changing from 82.5% to 88.4%.
Note that none of the performances is reduced by the DBN. The best
performing feature for hand-detection according to our experiment
is HOG, validating the finding of [6].
Figure 2 shows the overall performance of the HOG-SVM classification for each of the locations of the dataset. Red curve shows
the measurement zk while the blue one represents the state estimate
x̂k [0]. The horizontal axis is the decision threshold (which is zero
1 [Dataset:]

http://www.isip40.it/resources/UNIGEhands.zip

Table 2: Examples of the dataset frames.
Office

Street

Bench

Kitchen

Coffe Bar

Hands

No Hands

Table 3: Frame by frame vs. Kalman filter.
pgh (1|1)

pgh (0|0)

FEATURES

SVM

Filtered

SVM

Filtered

HOG
GIST
RGB
HSV
LAB
R+H+L

0.929
0.829
0.819
0.765
0.796
0.810

0.982
0.899
0.902
0.865
0.895
0.926

0.911
0.822
0.821
0.781
0.793
0.819

0.960
0.858
0.870
0.858
0.858
0.900

Average

0.825

0.911

0.824

0.884

in the general case). On the vertical axis at 4, 5, 6 (and -4, -5, -6)
there are a) the ground truth, b) the decision of the naive HOG-SVM
and c) of the filtered HOG-SVM, respectively. These decisions take
positive values if hands are present and negative if not. The noisy
movements of zk confirm the dependence of the measurement to
small changes in frames. As it is intended, the Kalman filter reduces the noise while preserving the trend of the detection. It can be
noticed from the decisions of the HOG-SVM method that it is difficult to differentiate continuous segments of the video, with or without hands. This effect is the consequence of the measurement noise
changing frequently the sign of zk . Once the noise is reduced using
the Kalman filter, the decisions stabilize and continuous segments
appear. Particularly remarkable is the performance of the DBN modelling in the office and the bench sequences.
4. CONCLUSION AND FUTURE WORK
This paper presented a filtering framework for frame-by-frame object detection smoothing in video sequences. Noise in the detection,
mainly caused by small changes between frames, is reduced by filtering the decision process directly. The proposed method filters the
signed classification distance f (F ) of the extracted features F from
the decision boundary, estimated by a SVM, allowing to filter a single real valued variable (augmented with its variation) instead of a
multidimensional vectors like HOG, GIST and color histograms.
The proposed method is evaluated in the hand-detection problem in First Person Vision, improving the classification rates of the
state of the art by 8.6% and 6% for true-positives and true-negatives
respectively. Presented results validate previous findings, where the
combination HOG-SVM was stated as a good approach for hand detection.
As already noted, we think that filtering the signed distance
f (F ) can give a feedback to the classifier on how well it is performing and allows to make the detection problem adaptive through such
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Fig. 2: Performance of the smoothing procedure in each location of
the dataset.

early self-awareness. This analysis is proposed as future research
line, where the system will be able to modify its model according to
the current performance.
Future research lines include an analysis of the impact of computation time required by different features on the filtering process:
in a real time framework, the more the computation time, the less the
actual processing frame rate; thus the less the temporal smoothness
of consecutive features; consequently the more their need of being
smoothed. Also, we have not discussed here the parameter tuning
phase for the KF, nor more complex separation hyperplanes to be
obtained from the SVM with the introduction of kernels. Eventually, the framework could be extend to a multi-class problem.
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