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Abstract

Behavior recognition is an attractive direction in the
computer vision domain. In this paper, we propose a
novel behavior recognition method based on prototype
learning using metric learning. Prototype learning al-
gorithm can improve the classification performance of
nearest-neighbor classifier, reduce the storage and com-
putation requirements. And the metric learning algo-
rithm is used to advance the performance of the proto-
type learning. In this paper, We use a kind of compound
feature including local feature and motion feature to
recognize human behaviors. The experimental results
show the effectiveness of our method.

1. Introduction

Human behavior recognition is an attractive direc-
tion of research in computer vision domain, which has
wide application such as intelligent surveillance, anal-
ysis of the physical condition of people and caring of
aged people [6]. Human behavior recognition includes
tracking, action features extraction and representation,
action model learning and high level semantic under-
standing.
Many feature extraction and representation method

is proposed in recent year. Bobick and Davis [2]
present a viewed-based approach to the representation
and recognition of human movement, motion-energy
images (MEI) and motion-history images (MHI) are
used here. Babu and Ramakrishnan [1] propose a tech-
nique for building coarse Motion History Image (MHI)
and Motion Flow History (MFH) from the compressed
video and extract features from these static motion his-
tory information for characterizing human actions. Ke
et al [9] introduce a volumetric feature framework for
analyzing video by extending Viola and Jones’ work for
static-scene object detection to the spatio-temporal do-
main. Laptev and Linderberg [10] propose to extend the
notion of spatial interest points into the spatio-temporal

domain and show how the resulting features often re-
flect interesting events that can be used for a compact
representation of video data as well as for its inter pre-
sentation. Gorelick et al [4] represent actions as space-
time shapes and show that such a representation con-
tains rich and descriptive information about the action
performed. Many classifiers can be used to recognize
human behavior, such as nearest neighbors, Neural net-
works, SVM and Bayes, etc. Prototype learning [11] is
effective in improving the classification performance of
nearest-neighbor classifier and in reducing the storage
and computation requirements. There are many pro-
totype learning algorithms, such as Minimum Classi-
fication Error (MCE) [8], Generalized Learning Vec-
tor Quantization (GLVQ) [13] [12], Soft Nearest Pro-
totype Classifier (SNPC) [15], Log-Likelihood of Mar-
gin(LOGM) [7],etc. Many machine learning algorithms
rely critically on being given a good metric over their
inputs. To get better performance of prototype learning,
distance metric learning is necessary.
Figure 1 shows the framework of our method. The

rest of this paper is organized as follows. Section 2
shows feature extraction and representation. The for-
mulation of prototype learning, metric learning algo-
rithm, and our prototype learning algorithm using met-
ric learning are introduced in section 3. To evaluate our
method, the experiments are shown in section 4. Sec-
tion 5 shows the conclusion of our paper. Section 6 is
the acknowledgement.

2. Feature Extraction and Representation

The feature extraction and representation is very im-
portant in behavior recognition. We use a kind of com-
pound feature including a local part and a motion part.
The local feature is the very popular cuboids feature

recently, we employ the Yuan et al.’s[17] method to ex-
tract the cuboids feature. Firstly, we employ the Dol-
lar et al.’s[3] detector to detect cuboids at each frame.
Then the covariance matrix descriptor is used to extract
effective feature from the cuboids. The features un-
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Figure 1. The framework of our method.

der the Log-Euclidean Riemannian metric from train-
ing videos are quantized to form an appearance code-
book (i.e. Bag of Visual Words) by using the k-means
clustering method. Finally, each video sample is repre-
sented as a histogram of BOVM.
The motion feature extract from the Motion History

Image (MHI). Firstly, we calculate the difference of
each pixel between two neighbor images, get the dif-
ference imageD(a, b, t). So an MHI

Hλ(a, b, t) =

{
λ if D(a, b, t) = 1
max(0, Hλ(a, b, t− 1)− 1) otherwise

(1)
where D(a, b, t) is a binary image, and λ is the maxi-
mum duration a behavior is stored. Then we divide the
MHI into 4 × 4 sub-blocks, calculate the histogram of
each sub-block separately. Finally, we can get the mo-
tion feature through joining together all the histograms
of every sub-block.
In the experiment, we combine these two histogram

to one feature vector. The feature vector is the final fea-
ture used in our experiment.

3. Prototype Learning Using Metric Learn-
ing

In this section, we introduce the formulation of pro-
totype learning and the metric learning algorithm. Then

we show our prototype learning algorithm using metric
learning.

3.1 The formulation of prototype learning
[11]

For N -class classification problem, prototype learn-
ing is to design a set of prototype vectors {pis, s =
1, 2, · · · , S} for each class l. An input pattern x ∈ Rd

is classified to the class of the nearest prototype.
For learning the prototypes, consider a labeled train-

ing dataset T = {(xn, yn), n = 1, 2, · · · , N}, where
yn ∈ {1, 2, · · · , L} is the class label of the training pat-
tern xn. The objective of learning is to minimize the
expected risk based on loss function φ:

Eφ =

∫
φ(f(x)|x)p(x)dx (2)

where φ(f(x)|x) is the loss that x is classified by the
decision f(x), and p(x) is the probability density func-
tion at the sample point x. In practice, the expected loss
is replaced by the empirical average loss on a training
set:

Êφ =
1

N

∑
φ(f(xn)|xn) (3)

Generally, the loss function depends on the param-
eters of prototypes Θ = {pls, l = 1, 2, · · · , L, s =
1, 2, · · · , S}. At the stationary point, the loss function
Rφ satisfies ∇R̂φ = 0.
For minimizing the empirical loss, the prototypes are

updated on each training pattern by stochastic gradient
descent

Θ(t + 1) = Θ(t)− η(t)∇φ(f(x)|x)|x=xn
(4)

where η(t) is the learning rate at the t− th iteration.

3.2 Distance Metric Learning Algorithm

There are many metric learning algorithm. In this
paper, Eric P. Xing et al.’[16]method is used here.
Suppose we have some set of points xi, and are given

information that certain pairs of them are similar:

S : (xi, yj) ∈ S if xi and xj are similar (5)

Consider learning a distance metric of the form

d(x, y) = dA(x, y) =‖ x−y ‖A=
√

(x− y)T A(x− y)
(6)

This problem can convert to a optimization problem

min
∑

(xi,xj)∈S

‖ xi − yj ‖
2
A (7)
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s.t.
∑

(xi,xj)∈D

‖ xi − yj ‖A≥ 1 (8)

A � 0. (9)

Here D can be a set of pairs of points known to be dis-
similar if such information is explicitly available; oth-
erwise, we may take it to be all pairs not is S.

3.3 Prototype learning algorithm using metric
learning

In prototype learning algorithm, Euclidean distance
is directly used in classification. And the distance met-
ric learning is necessary here. It can advance the per-
formance of the prototype learning. Our algorithm is
showed here.

Algorithm 1 Prototype learning using metric learning
1. Initialize the prototype with K-means algorithm.
2. Select randomly the pairs from the cluster and con-
struct the optimization problems.
3. Call the Eric algorithms for the distance learning.
4. Choose a pattern xn from the pattern pool.
5. Find the prototype vector mki and mrj are the
nearest prototype to xn from the positive class and
from the negative class.
6. Update the prototype vectormki andmrj:

mki = mki − 2η(t)∂φ(xn)
∂gki

(xn −mki)

mrj = mrj − 2η(t)∂φ(xn)
∂grj

(xn −mrj).

7. Repeat 4-6 until convergence.
Output: assign x to the class of the nearest prototype.

4. Experiments

4.1 Description of the datasets

In our experiments, we used two datasets to evalu-
ate our method. One is the Weizman datasets [5] with
93 videos of 9 actors and 10 actions (bend, jack, jump,
pjump, run, side, skip, walk, wave1, wave2), the sam-
ple images are showed in Figure 2 (a), another one is a
challenging human action datasets builded by Christian
Schuldt [14] with six types of human actions (boxing,
handclapping, handwaving, jogging, running, walk-
ing) performed in four scenarios (outdoors, outdoors
with scale variation, outdoors with different clothes, in-
doors). The latter datasets contains 599 videos, the sam-
ple images are showed in Figure 2 (b).

Figure 2. Datasets used in our experi-
ments: (a) is the Weizman datasets, (b) is
the KTH datasets.

Figure 3. The confusion Matrix in our ex-
periments. The above is based on Weiz-
man datasets. The following is based on
the KTH datasets.

Table 1. Recognition Acuracy
Weizman GLVQ SNPC LOGM SVM
Accuracy 92.5% 93.5% 94% 94.5%

GLVQ+MLSNPC+ML LOGM+ML
Accuracy 95% 94.5% 95.5%
KTH GLVQ SNPC LOGM SVM

Accuracy 88.2% 87.7% 89.5% 90.7%
GLVQ+MLSNPC+ML LOGM+ML

Accuracy 91.2% 90.5% 91.3%
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4.2 Experimental results

In the experiment, we use three prototype learn-
ing algorithms which are GLVQ, SNPC, LOGM. For
the parameters of prototype learning,the initial learn-
ing rate η(0) was set to 0.1τ ∗ cov,where τ was drawn
from {0.1, 0.5, 1, 1.5, 2} and cov is the average dis-
tance of all training patterns to the nearest cluster
center. The prototype number S was selected from
{1, 2, 3, 4, 5}; the regularization coefficient α was se-
lected from {0, 0.001, 0005, 0.01, 0.05}. The training
parameters and model parameters were optimized in the
space of the cubic grid (α, S, τ) by cross-validation on
the training data. Figure 3 shows the confusion matrix
in two datasets. And the matrix is based on the LOGM
algorithm using metric learning. We can see that most
behaviors have been perfect recognized, and only a few
of them have been wrongly done. Table 1 is the recogni-
tion accuracy of our method and other comparable ones.
From the results, we can see that the prototype learning
algorithm without metric learning is worse than SVM,
but the prototype learning algorithm using metric learn-
ing is better than SVM and prototype learning algorithm
without metric learning. So we can conclude that our
method is effective and can be used in recognizing hu-
man behaviors.

5. Conclusion

In this paper, we propose a novel behavior recogni-
tion method based on prototype learning using metric
learning,and use a kind of compound feature including
local feature and motion feature to recognize human be-
haviors. The experimental results show the effective-
ness of our method. The metric learning is necessary in
advancing the performance of prototype learning. We
use the Eric P. Xing et al.’ metric learning algorithm in
this paper. We will attempt other metric learning algo-
rithms in future research.
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