
Progressive Learning for Interactive Surveillance Scenes Retrieval
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Communications and Remote Sensing Lab. (TELE)
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Abstract

This paper tackles the challenge of interactively re-
trieving visual scenes within surveillance sequences ac-
quired with fixed camera. Contrarily to today’s solu-
tions, we assume that no a-priori knowledge is available
so that the system must progressively learn the target
scenes thanks to interactive labelling of a few frames by
the user.

The proposed method is based on very low-cost
features extraction and integrates relevance feedback,
multiple-instance SVM classification and active learn-
ing. Each of these 3 steps runs iteratively over the
session, and takes advantage of the progressively in-
creasing training set. Repeatable experiments on both
simulated and real data demonstrate the efficiency of
the approach and show how it allows reaching high re-
trieval performances.

1. Introduction

We address the problem of retrieving arbitrary
scenes of interest within surveillance video sequences.
The sequences are acquired with fixed camera, so that
moving objects can be extracted based on a static back-
ground estimation and foreground extraction. Nowa-
days, such solutions for content-based retrieval of
surveillance data are ever more required as the num-
ber of video surveillance systems and the amount of
stored data drastically increase. The main reasons for
searching video surveillance data are forensic, i.e. to
look for a video evidence after an incident occurred,
infrastructure maintenance, i.e. to extract statistics,
and offline performance evaluation of automatic video

analysis systems.
Today’s surveillance retrieval systems rely on offline

a-priori knowledge about the events of interests. This
knowledge is exploited to identify key-frames, as in [8]
or [9], or to characterize the objects of interest with
appropriate visual features, as in [7].

Here, the proposed system builds on low-level
video features extractors without any assumption made
about the target events nor about the number and con-
figuration of moving objects of interest that users will
request.

Moreover, the retrieval session is defined as an it-
erative classification process where the user reacts on
the retrieval results, and the learning engine integrates
the user feedback to improve the retrieval at the next
step. The objective is to efficiently exploit the user
feedback to increase the knowledge about the target
concept. Such a progressive learning process must in-
clude two important components. First, the feedback
of the user is appropriately integrated by the system
at each iteration, which is known as relevance feedback
[13, 11, 12, 10]. Second, the candidate scenes to be
evaluated by the user are carefully selected so as to
maximize the information gain at each step, and re-
duce the number of iterations of the training session.
This is the process of active learning [13, 15, 14].

Relevance feedback has been widely studied for still
images retrieval over the last years. Current techniques
include visual features prioritisation and user query
modification [10], though most of them use user’s la-
bels to build a training set for classification. In par-
ticular, support vector machines (SVM) have proven
to be a powerful tool to classify images, integrate the
user feedback, and enable simple but efficient active
learning [16, 17].
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Region-based image retrieval becomes much more
complex when the user is asked to judge entire images
(or video frames), while the learning is achieved on the
image regions they consist of. In other terms, while fea-
tures are available for the regions, the user expresses
feedback on entire images, composed of sets of regions.
This is referred to as a multiple-instance problem [18].
Most existing solutions assume the user is looking for
only one single region. This does not match our appli-
cation context because we are interested in recognizing
events that are likely to be characterized by the occur-
rence of multiple elementary visual patterns[18, 19].
In [1], a SVM-based learning method, “MILES”, has
been proposed to solve the multiple-instance problem
without any assumption on the number of region to
consider for the target class. Since we consider that
several objects might be required to defined our tar-
get surveillance events, our method is based on this
system, as reviewed in Section 3.1.

This paper presents a novel progressive learning
scheme for efficient region-based retrieval surveillance
scenes, integrating multiple-instance and active learn-
ing. At each step of the session, the new information
obtained from the user is incorporated in the system
to improve the classifier and guide future active learn-
ing steps. After introducing the retrieval workflow in
Section 2, we detail the adaptive classification method
in Section 3. The active learning process is presented
in Section 4. Section 5 describes the conducted ex-
periments and results, while Section 6 concludes this
paper.

2. System Overview

We consider a set of video surveillance frames that
have been pre-processed. The pre-processing includes
the detection of moving objects as well as the extrac-
tion of low-level features describing each object. The
event targeted by the user is characterized by the rela-
tive position of some of the extracted objects. The goal
of the retrieval is to identify these particular frames
within a minimum number of steps consisting in ques-
tioning the user about the relevance of well-chosen
frames. A retrieval session then consists in an iter-
ative process including querying the user, i.e. to ask
him to label a few frames, inferring a classifier from the
incremented training set, deducing the class of the un-
labelled frames and, eventually, selecting new frames to
be presented to the user at the next iteration. The clas-
sification is based on support vector machines (SVM)
and will be detailed in Section 3. The retrieval work-
flow is depicted on Figure 1.

User labelling Classifier

training

FramesClassification
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Figure 1. Flow chart of a retrieval session

3. Classification

Multiple-instance classification consists in labelling
elements, called bags, based on the description of their
sub-components, named the instances. The challenge
comes from the ambiguous contribution of the in-
stances that are not labelled directly and whose cor-
respondence to the target concept is not known. The
problem of classifying surveillance scenes using the de-
scription of their detected moving objects can thus
be considered as a multiple-instance learning problem.
While some of these objects may match the target class
configuration, other may not.

Classification using multiple-instance learning has
been already studied over the last years. In particular,
methods have been presented based on support vector
machines (SVM)[5]. However, most of them were re-
stricted to target classes defined by a single instance.
In [1], Chen et al. presented their MILES method
to identify classes involving more than one instance.
We review here this method and present in Section 3.2
how to extend MILES for interactive classification of
surveillance scenes.

3.1. MILES overview

As defined in [1], MILES consists of two steps. First,
by defining a similarity measure s(Bi, x

k) between a
bag Bi and an instance xk, bags are mapped into a
new space, where the multiple-instance problem be-
comes easier to express. Second, 1-norm SVM is used
to calculate the hyperplane separating both the pos-
itive and the negative classes. These two steps are
briefly reviewed in the following.

The similarity measure s(Bi, x
k), is given by the

shortest distance d between xk and the instances xij

of Bi:

s(Bi, x
k) = max

j
exp

(
−d(xk, xij)

σ2

)
. (1)

The exponential form of this similarity highly stresses
the role of instances located in the neighborhood while
other contributions are strongly reduced, the notion of
neighborhood being regulated by σ.

This similarity enables the definition a new feature
space FC where the multiple-instance problem becomes



more separable. Given a training set of l+ positive
bags and l− negative bags, together presenting a to-
tal of n instances, a training bag Bi is mapped to a
n-dimensional feature vector m(Bi) in FC using its
similarity to each individual training instance. That
is

m(Bi) =
[
s(Bi, x

1), s(Bi, x
2), . . . , s(Bi, x

n)
]
. (2)

m+
i denotes the mapping coordinates of the ith positive

bag, and m−
i for the negative bags.

SVM classification in FC then consists in defining
the hyperplane separating the positive and the negative
bags so that the margin between the closest positive
bag and the closest negative bag is as wide as possible.
More precisely, the goal is to build a linear classifier

y = sign(wT m + b) (3)

where w and b respectively define the coefficients and
the bias of the hyperplane and m the feature vector
of a bag. In a non-separable case, and using 1-norm
of SVM, the classifier (3) is computed based on the
following lagrangian minimisation:

minw,b,ξ,η λ

n∑
k=1

|wk| + µ

l+∑
i=1

ξi + (1 − µ)
l−∑

j=1

ηj (4)

s.t.
[
wT m+

i + b
]
+ ξi ≥ 1, i = 1, . . . , l+, (5)

− [wT m−
j + b

]
+ ηj ≥ 1, j = 1, . . . , l−,(6)

ξi, ηj ≥ 0, i = 1, . . . , l+, j = 1, . . . , l−.(7)

Equ. (5) and Equ. (6) expresses the constraints related
to correct classification of the training bags. ξi and ηj

denote penalties allowed for the ith positive and the
jth negative bags respectively. A penalty is positive
when the distance between its corresponding bag and
the classification plane is lower than 1.

µ balances the contributions between positive and
negative bags which is particularly useful in case of
strong disproportion between the size of their respec-
tive training sets. In our experiments, we have selected
µ so that:

µ · l+ = (1 − µ)l−. (8)

In equation (4), λ trades off the amount of tol-
erated classification penalties and the risk of overfit-
ting. λ and is often called the regularization parameter
[2]. Nonetheless, classification penalties on the train-
ing bags, ξi and ηj , remain possible in a non-separable
case.

The minimisation of Equ. (4) results in a set of non-
zero w∗

k and an optimal value b∗ that together define

the separating hyperplane and thus enable the classifi-
cation of an unlabelled test bag:

y = sign

(∑
k

w∗
ks(xk, Bi) + b

)
. (9)

Intuitively, the non-zero w∗
k values of w, whether they

are negative or positive, correspond to instances among
the training bags, that are relevant for discriminating
the positive class from the negative one in FC . In the
following, we name these particular instances, the ref-
erence instances. The use of 1-norm of |wk| in equ.
(4) is motivated by its sparsity properties. Given our
assumption that the target concept involves only a few
instances, the sparsity allows finding only a small set
of representative instances.

3.2. Visual features selection and definition of
the distance between instances

As described in Section 3.1, MILES enables to class
bags as far as a similarity measure s and a set of param-
eters - µ and λ - are properly defined. In this section,
we present how to estimate the similarity measure, i.e.
the distance d between instances, in our application
context.

3.2.1 Distance between two instances

In [1], a common Euclidean distance measure is used for
estimating the similarity between two instances (Equ.
(1)). In our extension of MILES, we rely on relevance
feedback to weight each term of the Euclidean distance
so that each feature can be independently favoured in
order to boost the classification [6]. If V is the number
of features used for describing an instance:

d(xk, xij) =

√√√√ V∑
v=1

uv · (xij,v − xk
v)2. (10)

The weights uv are obtained by identifying the vi-
sual features that most efficiently discriminate between
the positive and negative classes. A good approxima-
tion for uv is provided by the ratio of the standard de-
viations of feature v among the negative and positive
instances respectively.

3.2.2 Parameter σ

In [1], σ is tuned through cross-validation. We propose
an alternative approach to estimate σ directly based
on the distribution of the instances of training bags.

σ basically controls how similar two instances must
be considered in the original feature space, see Equ.
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(1). In most practical cases, σ can be estimated in the
original feature space by the allowed deviation around
an average target instance. Moreover, given the refer-
ence instances used for the classification of bags, σ can
also be approximated by the standard deviation of the
positively weighted instances in equation (9) compared
to the deviation of the other available instances.

3.3. λ-path study

In Equ. (4), λ is a critical parameter trading off the
amount of classification penalties on the training sam-
ples and overfitting of the inferred classifier. As intro-
duced in section 3.1, for a given classifier, the penalty
ξi (or ηi) is non-zero for the training bags that are lo-
cated within or at the wrong side of the SVM margin.
Knowing from SVM theory that the margin’s width
is proportional to 1/|w| [5], the larger λ, the smaller
|w| and, consequently, the more bags stay within the
margin, i.e. the larger

∑
i ξi and

∑
j ηj . When λ is

much too large, all bags are located inside an exces-
sively wide margin (|w| becomes minimal). Contrarily,
the lower λ, the narrower the margin and the lower the
number of penalties from training instances. If λ is too
small, the margin becomes too narrow and overfits the
training data with the drawback of poor classification
performances on any test set. In [2], the evolution of
|w| and

∑
i ξi +

∑
j ηi as a function of λ is refered to

as the regularization path. An example is illustrated on
Figure 2.

The definition of the λ value maximising the classi-
fication performances is not an easy task and is very
dependent on the distribution of the data. Intuitively,
if the classes overlap each others, there must be regu-
larization, i.e. λ not too small.

An appropriate λ is traditionally selected within a

predefined grid of candidate values, based on cross-
validation [1]. However this process can soon become
heavy if no a-priori knowledge about the appropriate
range of the relevant λ values is available. In our par-
ticular application scenario, each step of the iterative
retrieval process include both labelling new training
samples and the design of a new SVM classifier. Hence,
the cost of a blind exhaustive grid search across a grid
of potential λ should be avoided.

A heuristic value for the optimal λ has been pro-
posed by Joachims in his implementation of SV M light

[3, 4]. But a single heuristic value obviously does not
match all situations.

In [2], Hastie et.al. have provided an analytical
study of the regularization path, i.e. the evolution of
the model [w, b, ξ, η] as a function of λ. They showed
that the regularization path is completely defined by a
set of key λ values, named the elbow points. The study
starts from an excessively high value of λ, where all
instances are located inside the margin. When λ de-
creases, the norm of w progressively increases and the
margin consequently becomes narrower until a specific
λ value where a first bag hits the margin frontier. This
is the first elbow point. Each following elbow point
basically corresponds to a new configuration of train-
ing bags with respect to the margin. Between two el-
bow points, the evolutions of both ‖w‖ and the sum of
penalties are linear. Starting from the quadratic SVM
formulation - i.e. using ‖w‖ rather than |w| in (4) - and
its dual expression, they provided an analytical defini-
tion of each elbow point. The authors then suggested
that parsing the regularization path can be achieved
at relatively reduced cost based on these elbow points
and the linear evolution between them.

Inspired by [2], we propose a method for guiding
the crossvalidation procedure in our multiple-instance
framework, derived from the 1-norm formulation. The
approach allows efficiently scanning the regularization
path in search for the λ values that should be checked
through cross validation on the training set. The goal
of this crossvalidation is then to identify the best λ
value to be used for the next classification of the test
samples.

When the regularization is excessive, all training
samples are inside the margin and ξi and ηj are all
strictly positive. In this situation, defining C(λ,w, b)
as:

C(λ,w, b) = λ

n∑
k=1

|wk| + µ

l+∑
i=1

(
1 − [wT m+

i + b
])

+ (1 − µ)
∑l−

j=1

(
1 +

[
wT m−

j + b
])

. (11)



we may rewrite the minimisation of Equ. (4)) as :

minw,b,ξ,η C(λ,w, b) (12)

For a given λ, the partial derivative ∂C(λ,w,b)
∂|wk| is

equal to:

λ − sign(wk)[ µ
l+∑

i=1

(
m+

i,k +
∂b

∂|wk|
)

− (1 − µ)
l−∑

j=1

(
m−

j,k +
∂b

∂|wk|
)

](13)

Here, m+
i,k = s(B+

i , xk) and m−
j,k = s(B−

j , xk).
As µ is chosen to compensate the disequilibrium be-

tween positive and negative samples,

−µ

l+∑
i=1

∂b

∂|wk| + (1 − µ)
l−∑

j=1

∂b

∂|wk| = 0, (14)

and, defining Sk to be

Sk = µ

l+∑
i=1

m+
i,k − (1 − µ)

l−∑
j=1

m−
j,k, (15)

we can write:

∂C(λ,w, b)
∂|wk| = λ − sign(wk)Sk. (16)

Hence, as long as λ ≥ |Sk|, ∀k, ∂
∂|wk| ≥ 0 and there is

no incentive for wk to become �= 0 since Equ. (4) must
be minimized. Once λ = maxk|Sk|, the first elbow
point is hit ( ∂

∂|wk| = 0) and wi, with i = argmaxk |Sk|
becomes non-zero. Such non zero weights means that
the corresponding instance xi is used as reference in
FC to separate the positive class from the negative one.
Note that in this configuration, Bi � xi is the first bag
to get out of the margin, and it no longer contributes
to the penalty terms µ

∑l+

i=1 ξi + (1 − µ)
∑l−

j=1 ηj .
Consequently, the particular value

λ∗ = max
k

|Sk| (17)

is the first value of λ where a significant change appear
in the regularization path. We thus consider this is the
first candidate value for the crossvalidation test.

In order to identify other relevant λ, we make two
assumptions. First, when a bag gets out of the margin,
we consider it no longer returns inside it for a decreas-
ing λ. Second, a bag containing instances that are
very similar to reference instances from bags that are
already out of the margin also gets out of the margin,

as far as they belong to the same class. Analytically,
this means that their penalty terms are set to 0 in Equ.
(12) and for all instances xk that have not been selected
yet, ∂C(λ,w,b)

∂|wk| equals:

λ − sign(wk)


µ

∑
xi∈R+

m+
i,k − (1 − µ)

∑
xj∈R−

m−
j,k


 ,

(18)
where R+ and R− respectively denote the sets of

positive and negative bags that are still considered to
be located within the margin. This can still be written
as:

∂C(λ,w, b)
∂|wk| = λ − sign(wk)Sn, (19)

with:

Sn = Sn−1−sign(wk)


 ∑

i,Bi /∈{R+
S

R−}
mi,k +

∑
j

mj,k




(20)
for all j such that Bj is very similar to the previously
selected instances.

From Sn, we can then identify the next reference
instance xk with k = argmaxk |Sn|, providing the next
elbow value for λ that should be explored during the
crossvalidation. This process can be iteratively re-
peated to parse the whole regularization path. In case
the training set is not consistent enough, these partic-
ular λ values may only describe the key angles of the
regularization path. It is then easy to derive interme-
diate λ values to be investigated.

In our considered retrieval scheme, the definition of
the λ values is achieved on the training set. However, it
is worth noting that the size of the training set has an
impact on the definition of these values. In particular,
the classification results obtained with λ values com-
puted based on the full training set may not correspond
to those obtained with a subset of the training bags, as
done during the search for the optimal λ through cross-
validation. As illustrated in our experiments, this still
an open issue that we are currently investigating.

As a conclusion, equations (17) and (20) provide
a set of key λ values that must be explored during
the cross-validation since they correspond to signifi-
cant changes in the classifier inferred from each train-
ing set.

4. Active Learning

In the considered retrieval approach, the training
set incrementally grows over the session thanks to the
novel samples labelled by the user. Since classifica-
tion performances always depends on the training set,



it is of prime importance to carefully select the sam-
ples to present to the user. In particular, the selected
samples should maximize the information gain at the
next classification step. This process is known as active
learning.

In the case of SVM classification, Tong and Koller
have demonstrated that the most informative samples
were the closest to the separating hyperplane, which
corresponds to the intuition since they are the most
ambiguous samples [16, 17].

In our case, given the weight vector w∗ obtained
from the last classification step, the most ambiguous
bags BM have instances with minimal distance to the
separation plane:

BM = arg min
i

|w∗T mi + b| (21)

Knowing the number of bags to present to the user,
this thus gives us a direct way to identify the bags to
select.

5. Preliminary Experiments

5.1. Test data and features extraction

The proposed system has been tested on both sim-
ulated and real surveillance data. For the simulated
data, each positive bag contains two instances. One
of these instances presents two features falling in a
gaussian distribution. The second instance is randomly
placed in the feature space. Negative bags consist of
two randomly located instances. Consequently, a bag
is positive if it contains at least one instance from the
gaussian distribution.

The real surveillance video sequences consists of a
20596 frames concatenation of the IEEE PETS 2006
video excerpts presenting realistic situations in a train
station hall[20]. A mixture of gaussian method is used
to extract the moving objects from the static back-
ground [21]. Note that no particular attention is paid
to the illumination change between the original video
excerpts, which leads to numerous redundant objects
detection at the transition frames. For each moving ob-
jects, several visual features are computed: horizontal
and vertical position in the frame, width and height,
density - i.e. ratio of the actually ‘active pixels’ over the
smallest rectangle area covering the object - and RGB
colour histogram. The average number of detected ob-
jects (i.e. instances) per frame (i.e. bags) is about 4. A
groundthruth has been manually established to iden-
tify several scenarios involving multiple objects, such
as “activity at the restricted gate when somebody else
is walking along the train”.

A retrieval session starts with a random selection of
frames presented to the user who then labels a few of
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with the proposed method on the simulated data.

them, either by simulation or actually. The number, f ,
of frames labelled at each step is fixed for the session
and is a simulation parameter.

Three criteria are used to compare the method dur-
ing test phases: the true positive rate (TP), i.e. num-
ber of correctly retrieved positive bags over the total
number of target positive bags from the test set, the
false alarm rate (number of false positive over total
number of test bags) and the F5 − score, i.e. an aver-
age of TP and precision (number of true positive over
total number of retrieved bags)

(1 + α)
TP + Precision

Precision + α · TP
(22)

with α set to 5 since, in a surveillance scenario with
rare target events, the true positive rate is far more
important than the precision.

5.2. λ path study

Figure 3 compares the true positive rate and false
alarm rate during a single step session with only one
gaussian defining the positive bags. 150 bags have been
simulated with 30% of positive bags, while 60 of them
are used for the training. The experiment starts by
analysing the training set. The elbow λ values are es-
timated with our method (see Section 3.3) and average
detection (TP) and false alarm rate (FA) are computed
via a 2-fold cross-validation within the training set. In
order to compare these key values with a regular grid
search, we repeated the cross-validation for a set of
statically selected λ values. The corresponding cross-
validation results are depicted by the ’Stat-TP’ and
’Stat-FA’ curves. It can be observed that the selected
values are indeed representative of the regularization
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path. This confirms that our method enables a faster
scanning of the candidate λ values.

In a second phase, we compare the cross-validation
results with those obtained on the unlabelled test set.
Here, we again conducted the test for a regularly in-
creasing λ. The results are represented by ’Test-TP’
and ’Test-FA’. These curves indicate that the test re-
sults roughly match those computed from the cross-
validation on the training set. However, as mentioned
in Section 3.3, for a given λ value, the classification of
the test set is achieved with the full training set, which
is twice as large as the sub-training sets used during
the cross-validation. This leads to a difference of clas-
sification results between the training and the test sets.

5.3. Results for a retrieval session

Figure 4 presents the test results for a 10 steps re-
trieval session on the simulated data. 30% of the 300
original bags are positive and the λ value is fixed to
0.4. We compare 3 methods for selecting frames to be
labelled by the user: random selection (RAND), ac-
tive learning (AL) and active learning combined with
reweighting of the visual features (ALRW). Both the
detection rate (TP) and F-score are presented. As
illustrated, both the AL and ALRW method quickly
succeed in reaching 100% of detection, which is not
the case in the case of randomly selected frames. The
F-score curves show that the active learning provides
better results than the random selection but significant
improvement is only obtained when visual reweighting
of the features is added. It can also be noticed that
despite the good ALRW detection performances, the
corresponding F-score strongly oscillates. An efficient
way to smooth it is part of our future work.

 0.1

 0.15

 0.2

 0.25

 0.3

 0.35

 0.4

 20  40  60  80  100  120  140  160  180

F
-s

co
re

Training Set Size

RAND
AL

ALRW

Figure 5. Comparison of F-score from 3 frames selection
methods on real IEEE PETS sequence

Figure 5 presents the F-score results obtained on the
real data. The 3 selection methods are compared. We
see that the active learning leads to poor results com-
pared to the 2 others. Our explanation is that, com-
pared with a random selection of bags, this method
doesn’t explore the FC space enough to acutally lo-
calize the best reference instances. We consider this
as a way to improve the method. Nonetheless, when
combined with features re-weighting, ALRW strongly
enhances the results, even though oscillation is still to
be observed.

6. Conclusion

An interactive retrieval system adapted to the par-
ticular constraints of surveillance video data has been
presented. It integrates visual features reweighting,
multiple-instance 1-Norm SVM classification and ac-
tive learning. Each of these steps takes into account
the dynamically increasing training set.

In particular, we have shown how the search for an
optimal regularization parameter λ can be guided at
each retrieval step based on the training data distribu-
tion. Moreover, relevance feedback is integrated within
a multiple-instance framework.

Preliminary experiments have demonstrated the ef-
ficiency of the approach on both simulated and publicly
available real data. 3 future improvements of the sys-
tem have been identified. First, to automatically adapt
the regularization parameter to the training set size.
Second, to smooth the evolution of the active learning
when combined with feature re-weighting. Third, im-
proving the active learning by exploring the instances
space at the firsts retrieval iterations.
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