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Abstract
Significant progress has been made towards learning
a generalized offline object detector. However, when a
generalized offline detector is applied on new datasets,
it often makes mistakes by missing some specific instances of the object or by producing false detections in
the background scene. In order to rectify these mistakes
made by the offline detector, we present a novel and efficient incremental learning method , which adjusts the
parameters of offline trained cascade of boosted classifiers using manually labeled online samples. Experiments demonstrate both the efficiency and effectiveness
of our approach.

1. Introduction
In many object detection methods a generalized offline detector is trained by collecting thousands of positive and negative training examples on the assumption
that these examples would represent the objects present
in the unseen test data. Offline detector trained in this
manner, may not work for some specific cases. One
possible solution to handle these special cases is to repeat the offline training process by including the special
cases in the training set. However re-training for every
new dataset is expensive.
We present a novel and efficient incremental learning
method which addresses these issues. Our method finds
the optimal adjustments to the parameters of offline
learned detector by optimizing a hybrid loss function,
which is a combination of offline and online loss functions. We estimate the loss incurred by offline samples,
without using offline samples during incremental learning, and combine this offline loss with loss incurred
by online samples. Hybrid loss function is optimized
for one parameter at a time and an exact solution is
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Figure 1. Overview of our approach
found for the loss function optimization problem, which
makes our method computationally efficient. Overview
of our approach is shown in Figure 1.
In recent years many approaches have been proposed
for incremental and online learning [1, 3, 10, 7, 9, 5, 8].
Main focus has been on the classifiers based on SVM
[9, 8] and boosting [1, 3, 10]. Kembhavi et al.[9] introduced incremental multiple kernel learning for object recognition. Joshi and Porikli [8] used SVM for
incremental active learning. However, time can be a
critical constraint for incremental learning and SVM
based methods are in general computationally expensive. Huang et al. [5] proposed an incremental learning method for Real Adaboost framework. In [5], loss
functions are defined as a function of all the parameters of the offline learned classifier and is optimized using steepest descent method, which is inherently slow
in nature because of its convergence time.
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Incremental Learning

Real
Adaboost
learns
weak
hypotheses
{h1 , h2 , ..., ht } and combination coefficients θ =
{(θ11 , .., θ1m1 ), .., (θi1 , .., θimi ), .., (θT 1 , ., θT mT )},
where mi is the total number of partitions for ith weak
hypothesis. These weak hypotheses are selected by
using thousands of training samples during offline
training, which is important in order to learn discriminative weak hypotheses which can differentiate one
category from the other.
However, for incremental learning, only few online
examples may be available, which may not be sufficient enough to add/remove additional weak hypothe-

ses, hence in our incremental learning method, we do
not modify the weak hypotheses, instead we focus on
finding the optimal addition (∆θ) to the offline learned
combination co-efficients (θ) for these weak hypotheses.
We initialize each element in ∆θ equal to zero and
iterate over all the weak hypotheses of the strong classifier sequentially for the optimal adjustment to ∆θ and
update each element in ∆θ after optimization. If θij is
combination co-efficient of j th partition of the ith weak
0
hypothesis. we find ∆θij by minimizing the hybrid loss
0
0
function L(P (x, y) : θ + ∆θij ), which is combination
0
0
of offline loss function L̄(Pof f ((x|y), θ + ∆θij ) and
0
0
online loss function L(Pon (x | y), θ + ∆θij ) and is
defined as:
00
00
(x|y)
L(P (x, y) : θ ) = αy · P (y) · L(Pon
, θ )+
(1 − αy ) · P (y) ·
00

0

00
(x|y)
L̄(Pof f , θ )

(x|y)

(1)

In following subsections, we describe the estimation
of offline and online loss functions and optimization solution of hybrid loss function. Then we discuss the time
complexity of our method.

In [5], estimated offline loss
+ ∆θ) is
defined
as:
(x|y)
L̄(Pof f , θ + ∆θ)
(3)
YX
(x|y)
= L(Pof f , θ) ·
Pbof f (zi,j | y) · exp(−y∆θij )
j

where Pbof f (zi,j | y) is the weighted marginal likelihood for j th partition of ith weak hypothesis, More
detailed description about the derivation of Eqn. 3 can
be found in [5].
By using Eqn. 3, we can define our offline loss function as:
(x|y)

k=1

0

on

0

G(F (xk ) : θ ) =

0

gm (fm (xk ) : θ )

(6)

where T is total number of weak hypotheses.
While finding optimal adjustment for θij , we can define our online loss function as:
0
0
L(Pon (x | y), θ + ∆θij )
(7)
y
Non

=

X [fi (xk )]
0
0
exp(−yG(F (xk ) : θ )) exp(−y∆θij )
y
Non

where [fi (xk )] = 1, if fi (xk ) = j, 0, otherwise.

2.3

Solution for adjustment of combination
coefficients:

f
We define Ωof
and Ωon
y
y as follows:
(x|y)
of f
Ωy = −y L̄(Pof f , θ)Pbof f (zi,j | y)exp(−y∆θij )
Y X
Pbof f (zt,m | y)exp(−y∆θtm ) (8)
t∈1...T /i m
y
Non
0

Ωon
y = αy

X [fi (xk )]
0
exp(−yG(F (xk ) : θ ))
y
Non

(9)

where αy = αy P (y). By differentiating the offline
0
f
(Eqn.
loss function (Eqn. 4) w.r.t. ∆θij and using Ωof
y
0
0
(x|y)
8) :
∂ L̄(Pof f , θ + ∆θij )
(1 − αy )P (y)
0
∂∆θij
0

Pbof f (zt,m | y) exp(−y∆θtm )

0

f
of f
= −Ωof
+1 exp(−∆θij ) + Ω−1 exp(∆θij )

(10)

Similarly, by differentiating the online loss function
0
(Eqn. 7) w.r.t. ∆θij and by using Ωon
y (Eqn. 9), we can
0
0
write:
∂L(Pon (x|y), θ + ∆θij )
αy P (y)
0
∂∆θij
0

0

on
= −Ωon
+1 exp(−∆θij ) + Ω−1 exp(∆θij )

Now if we solve for
X

T
X
m=1

0

L̄(Pof f , θ + ∆θij )
Y
(x|y)
= L̄(Pof f , θ)

0

y
where P = (Pon (x | y), θ ), θ = θ + ∆θ, Non
is total number of online samples for category y, and

0

(x|y)
L̄(Pof f , θ

0

For online samples,
total online loss is estimated as:
y
Non
X 1
0
(5)
L(P on ) =
y exp(−yG(F (xk ) : θ ))
Non

k=1

Offline Loss Estimation:

i

Online Loss Estimation:

k=1

(x|y)

where θ = θ + ∆θ + ∆θij . Pof f , Pon are
offline and online likelihood respectively.P (y) is prior
probability for category y and y ∈ {−1, +1}. αy is
a regularization parameter which decides the weights
given to the offline and online part during incremental
learning. After optimization, we update
∆θij in ∆θ as:
0
∆θij = ∆θij + ∆θij
(2)

2.1

2.2

∂L(P (x|y),θ

0

0
+∆θij )

0

∂∆θij

(11)

= 0, by us-

0

ing Eqn. 10 and Eqn. 11, we get ∆θij as:

t∈1...T /i m




X



0

∆θij =

Pbof f (zi,m | y) exp(−y∆θim ) +

m/j
0
Pbof f (zi,j | y) exp(−y∆θij ) exp(−y∆θij )



(4)

f
on
(Ωof
1
+1 + Ω+1 )
log of
2
(Ω−1f + Ωon
−1 )

(12)

The incremental learning process for a strong classifier
is described in Algorithm 1.

2.4

Time Complexity

Time is a critical factor for incremental learning
methods. If N h are the number of weak hypotheses in
the strong classifier, N o are the number of online samples and N p corresponds to the number of partitions in
a hypothesis. Then time complexity
for our algorithm

would be O N h ∗ (N o ∗ N ph ) .
For steepest descent methods, other than the
cost of computing  all the gradients which is
O N h ∗ (N o ∗ N ph ) , there is additional overhead of dealing with Hessian approximation at each
iteration, which can be computationally expensive if
the number of parameters to optimize are large. In
cascade Real Adaboost classifier, a strong classifier
can have hundreds of weak classifiers and each weak
classifier can have tens of partitions, so the number of
parameters to optimize can be in thousands. Therefore,
for such a large parameter set, steepest descent methods
can be computationally expensive.
Algorithm 1 Real Adaboost Incremental Learning for
a strong classifier
• Given: Online Samples = {(x1 , y1 ), ..., (xn , yn )} ,
Strong classifier H = {h1 , h2 , ....., hT }.
• Init: α+1 , α−1 ; ∆θ = 0.
for i = 1 to T do
• For each partition j ∈ ht , compute
f
of f
compute Ωof
+1 and Ω−1
on
on
compute Ω+1 and Ω−1
0

∆θij =

1
2

(Ωof f +Ωon )

+1
+1
log{ (Ωof
}
f
+Ωon )
−1

0

−1

∆θij = ∆θij + ∆θij
Obtain h∗i (with updated combination co-efficients)
Output strong classifier H ∗ = (h∗1 , h∗2 , ...., h∗T )

(b) ROC-M2

(c) ROC-D1

(d) Regularization Parameter

Figure 3. ROC curves and Regularization
Parameter
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Experiments

We evaluated our approach for the problem of pedestrian detection. Two different human datasets are used
for evaluation: UCR dataset [2] and UCSD dataset [1].
First we compare the running time of our approach with
the approach described in [5]. Then we present the detection performance on UCR and UCSD Dataset.

3.1

Time Computation Performance

For the comparison of computational time we train
the upper body of the human detector offline by collecting around 20,000 training samples from the Internet.
The offline detector is trained for 21 layers of cascade
Real Adaboost using the method described in [6]. We
run the experiments for our approach and [5], on a 3.16
GHz XEON CPU.
In Figure 2 we show the comparison of computational time of our method with [5] for different number
of online samples used for incremental learning. We can
notice that our approach takes around only 1 second for
10 online samples.

3.2

Figure 2. Comparison of the running time
of our incremental learning approach with
approach described in [5]. Inc-T (T=2,10,
20, 50) represents maximum T iterations
of incremental learning using the method
described in [5].

(a) ROC-M1

Detection Performance

Datasets used:To evaluate the detection performance
of our incremental learning method, we use three sequences; two sequences from UCR dataset: ”‘M1:Two
people meeting on a bench without gestures.avi”’
(M1), ”‘M2:Two people meeting on a bench with gestures.avi”’(M2), and and David Indoor (D1) sequence
from UCSD dataset. For the evaluation of UCR videos,
we sample 94 frames from each video randomly from
the latter half of the sequence and manually label the humans in these frames. For M1, 186 humans are labeled,
whereas for M2, 182 humans are labeled as groundtruth. For D1 sequence, we sample total 80 frames from

gives better results than the 5 iterations of the steepest
descent method for all the sequences, whereas results
from our method are similar to the 10 iterations of the
steepest descent method. Few examples of detection results are shown in Figure 4.
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Figure 4. Detection Results from offline
detector [6](odd rows, Red) and our approach (even rows, Green). Our approach
is able to recover the missed detections
(marked in blue) and false alarms (marked
in yellow) produced by the offline detector.
the sequence and manually label 80 humans in these
frames as ground-truth.
Online Sample collection: For each sequence, we
annotate only 1 missed detection from the first half of
the sequence and perturb this annotated example to generate 10 online positive samples and collect 10 false
alarms from the background as the online negative samples.
Choice of regularization parameter: impact of
changes in αy on detection performance is shown in
Figure 3(d). We use 10 online samples for this experiment, whereas offline samples used to train the offline
detector (described in section 3.1) are in ten thousands,
hence we get high performance if αy is set (equal to
0.001) to close to the ratio of number of online samples to the number of offline samples. If we use very
small αy (10−6 ) or very high αy (0.1), the performance
deteriorates.
Experiment settings and evaluation criteria:: We
use the offline detector trained for evaluating the computation time performance as described in section 3.1.
regularization parameter (αy )is set to 0.001 for all the
experiments. We use the Recall-Precision criteria to
evaluate the detection performance and follow the 50%
overlap criteria as used in [6].
Detection Results:We compare detection results
from our approach with offline detector and method
used in [5]. From Figure 3, we can see that both our
approach and steepest descent method described in [4]
works better than the offline detector. Our approach

Conclusion

In this paper, we presented an efficient incremental
learning method for cascade Real Adaboost classifier.
We combine the offline and online loss to make a hybrid loss function and propose an efficient method to
optimize this hybrid loss function. Our experiments on
the problem of pedestrian detection demonstrate that
our method improves the performance of an offline
trained detector significantly by collecting only few online samples.
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