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ABSTRACT
Despite previous successes of sliding window-based object
detection in images such as [6], searching desired events in
the volumetric video space is still a challenging problem, par-
tially because the pattern search in spatio-temporal video
space is much more complicated than that in spatial image
space. Without knowing the location, temporal duration,
and the spatial scale of the event, the search space for video
events is prohibitively large for exhaustive search. To reduce
the search complexity, we propose a heuristic branch-and-
bound solution for event detection in videos. Unlike exist-
ing branch-and-bound method which searches for an opti-
mal subvolume before comparing its detection score against
the threshold, we aim at directly finding subvolumes whose
scores are higher than the threshold. In doing so, many
unnecessary branches are terminated much earlier, thus the
search speed can be much faster. To validate this approach,
we select three human action classes from the KTH dataset
for training while testing with our own action dataset which
has clutter and moving backgrounds as well as large vari-
ations in lighting, scale, and performing speed of actions.
The experiment results show that our technique dramati-
cally reduces computational cost without significantly de-
grading the quality of the detection results.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval—Search Process; H.2.8 [Database Man-
agement]: Database Applications—Image Database, Data
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1. INTRODUCTION
Event detection in video has been an interesting yet chal-

lenging problem. It has a wide range of applications in-
cluding video surveillance, medical diagnosis and training,
robotics, smart rooms, video indexing, and human computer
interaction. Unlike event categorization [19] [22] [21], which
classifies a whole video clip or a collection of imagaes into
one of the predefined event classes, event detection is a more
challenging task because it requires an accurate spatial and
temporal localization of the event in the video.

Similar to the use of sliding windows for object detection
in images, event detection is to search a spatio-temporal
window, i.e. a subvolume that contains the target event
in video [5]. Despite previous successes of sliding window-
based object detection [6], locating desired events in video
volumetric data is still a challenging problem. First of all,
the search complexity in the spatio-temporal video space is
much higher than that of searching for objects in the image
space. Besides the spatial location and scale of the event, we
also need to determine its temporal location and duration.
Such a search space in volumetric video data is prohibitively
large for exhaustive search. Moreover, events such as actions
often exhibit tremendous amount of intra-pattern variations
caused by changes in performing speed, scale, lighting, back-
grounds, and possibly partial occlusions. It is extremely dif-
ficult to handle all of these variations in detection.

Recently, an event detection technique that addresses the
above problems is proposed in [20], where it is applied to
multi-class human actions detection in videos. In their method,
a video sequence is represented by a collection of spatio-
temporal interest points (STIPs) [14] [7]. Based on the
naive-Bayes assumption [1], each STIP casts a positive or
negative-valued vote independently for a specific action class,



where the voting score is based on its mutual information
with respect to the action class. Event detection is formu-
lated as the problem of searching for the spatio-temporal
subvolume that has the maximum total votes. In such a
case, the mutual information between the detected subvol-
ume and the action class is maximized. To handle the ex-
tremely large search space in video, they proposed a branch
and bound algorithm which decouples the temporal and spa-
tial spaces and applies different search strategies on them for
efficient search.

In this work, we present a new technique to further im-
prove the efficiency of the subvolume search in videos. For
detection applications, previous branch-and-bound approaches
such as [6] [20] search for a unique subvolume of maximum
score, then compare its detection score against the threshold
to determine whether it is a valid detection or not. In com-
parison, we aim at directly finding subvolumes whose scores
are higher than the threshold. Under the guidance of the
detection threshold, the search process can be much faster
by terminating many unnecessary branches earlier during
the search process of branch-and-bound. It brings a much
faster search, without significantly degrading the quality of
the detection results. To validate the proposed method, we
select 3 types of human actions and perform a cross-dataset
experiment for multiclass action detection, where the train-
ing and test data are from different sources. The test video
exhibits large lighting variations, clutter and moving back-
grounds, and partial occlusions of the actions. Our exper-
imental results demonstrate the effectiveness and efficiency
of our method.

2. RELATED WORK
There has been increasing interests in characterizing hu-

man actions using a set of spatio-temporal interest points
(STIPs) [14] [7]. Feature vectors are extracted from local
volumes centered at a number of STIPs and action classi-
fiers are then built upon the feature vectors. This approach
is partly motivated from the progress in image classifica-
tion and object recognition where bag-of-feature approaches
have become very popular [1]. For action recognition, such a
bag-of-feature approach has the advantage that it does not
require tracking or foreground-background separation.

Another type of previous approaches treat actions as spatio-
temporal templates, then the action can be detected through
finding the matches of spatio-temporal template [15] [5] [12] [2].
To improve the detection performance, both shape and mo-
tion information are applied for action detection [11] [17].
In [18], a generative model is learned by using both seman-
tic and structure information for action recognition and de-
tection. In [3], a successive convex matching scheme is pro-
posed for action detection. Actions are detected in video
by matching the time-coupled posture sequences to video
frames.

Some other methods apply discriminative approach for
action detection. In [4], Haar features are extended to 3-
dimensional space and boosting is applied by integrating
these features for final classification. In [5], a given video
is segmented into a few subvolumes. To detect actions, an
action template is matched by searching among the over-
segmented regions.

Our method belongs to the category of bag-of-feature ap-
proaches. Even though quite some progress has been made
on action classification [10] [16] [9] [10], much less work has

Figure 1: Event detection as spatio-temporal sub-
volume search. The highlighted subvolume has the
maximum mutual information toward the specific
event class. Each circle represents a spatio-temporal
feature point which contributes a vote based on its
own mutual information. The whole video volume
is of size m×n× t, where m×n is the image size and
t is the temporal length.

been reported on action detection with STIPs. In our frame-
work, actions are treated as spatio-temporal objects which
are characterized as 3-dimensional volumetric data. Each
action can be represented as a collection of spatio-temporal
invariant features.

3. EVENT DETECTION MODEL
Given a video sequence V ∈ R

m×n×t, our goal is to iden-
tify where (spatial location in the image) and when (tempo-
ral location) a specific event occurs, namely to find a spatio-
temporal subvolume (3-dimensional subvolume) V ∗ ⊆ V,
such that it has the maximum detection score:

V ∗ = arg max
V ⊆V

f(V ) = arg max
V ∈Λ

f(V ),

where f(V ) is the detection score for the spatio-temporal
subvolume V , and Λ denotes the candidate set of all valid
subvolumes in V.

According to [20], we illustrate the subvolume search for
event detection in Fig. 1. Suppose the target video V is of
size m × n × t. The optimal solution is denoted by:

V ∗ = t∗ × b∗ × l∗ × r∗ × s∗ × e∗,

which has 6 parameters to be determined, where t∗, b∗ ∈
[0, m] denote the top and bottom positions, l∗, r∗ ∈ [0, n]
denote the left and right positions, and s∗, e∗ ∈ [0, t] de-
note the start and end positions. As a counterpart of the
bounding-box based object detection, the solution V ∗ is the
bounding volume that has the highest detection score of the
target action.

3.1 Evaluation of Detection Score
It is of essential importance to evaluate the detection score

f(V ) appropriately. First of all, we characterize an action
as a collection of spatio-temporal interest points (STIPs) [7],
and apply two types of features to describe each STIP [8]:
histogram of gradient (HOG) and histogram of flow (HOF).
HOG is the appearance feature and HOF is the motion fea-
ture. As STIPs are locally invariant features, they are rel-
atively robust to action variations due to the changes in
performing speed, scale, lighting condition and cloth. We
denote a video sequence by V = {di}, where d ∈ R

N is a
feature vector describing a STIP.

We consider a multi-class problem and let C = {1, 2, ..., C}
be the class label set. We follow the naive-Bayes mutual in-
formation maximization (NBMIM) proposed in [20] to eval-
uate the detection score f(V ). Assuming the independence
among the STIP and an equal prior, i.e. P (C = c) = 1

C
,



the detection score for each point d ∈ V can be evaluated as
following according to [20]:

sc(d) = log
C

1 + P (d|C6=c)
P (d|C=c)

(C − 1)
, (1)

where P (d|C6=c)
P (d|C=c)

is the likelihood ratio test and can be cal-

culated through non-parametric density estimation. For the
C-class action detection, each point d has C detection scores
toward C classes. For a specific class c, the detection score
of a subvolume V is the summation of all point scores within
the subvolume:

f(V ) =
∑

d∈V

sc(d),

where sc(d) > 0 votes for class c, while sc(d) < 0 votes for
negative class.

4. OUR DETECTION ALGORITHM
The speed of the event detection, or in general video

pattern search, is extremely critical to handle large video
dataset. As the search space of V ∗ contains 6 parameters, it
is extremely time consuming to apply an exhaustive search.
To speed up the search process, we follow the branch-and-
bound solution proposed in [6] [20], but aims at a further im-
provement on the efficiency. In the following, we first review
the upperbound estimation of f(V ∗) for efficient pruning in
Section 4.1, followed by a summary of conventional branch
and bound search in Section 4.2. Then we propose the new
detection algorithm in Section 4.3.

4.1 Upperbound Estimation of the Detection
Score

We consider a 3-dimensional subvolume parameter space
denoted by V = [W, T], where

W = [0, n] × [0, n] × [0, m] × [0, m]

is the 4-dimensional spatial parameter space and

T = [0, t] × [0, t]

is the 2-dimensional temporal parameter space. Let the op-
timal solution within V be

V ∗ = arg max
V ⊆V

f(V )

and suppose Dt > 0 is the detection score. The parameter
space V is a valid solution space if and only if f(V ∗) ≥ Dt.

Our purpose is to find an upperbound estimation of V ∗

for a parameter space V, such that f̂(V) ≥ f(V ∗). With

the help of f̂(V), we can safely discard V when f̂(V) < Dt,
because V is not a valid space. To enable efficient prun-
ing, we require the upperbound estimation f̂(V) is tight and
efficient.

Fixing a spatial window W , we define its optimal score
along the temporal line as:

F (W ) = max
T⊆T

f(W, T ), (2)

where f(W, T ) =
∑

d∈W×T s(d) denotes the detection score
of the subvolume V = [W, T ]. Then for each pixel i ∈ W ,
we define the following two quantities:

F (i) = maxT⊆Tf(i, T ), (3)

and

G(i) = minT⊆Tf(i, T ). (4)

Let F+(i) = max(F (i), 0) and G−(i) = min(G(i), 0), given
a spatial parameter space W = {W : Wmin ⊆ W ⊆ Wmax},

we have the upperbound estimation of f̂(V ∗) [20].

f̂(V) = min{F̂1(W), F̂2(W)} ≥ f(V ∗),

where

F̂1(W) = F (Wmin) +
∑

i∈Wmax,i/∈Wmin

F+(i),

and

F̂2(W) = F (Wmax) −
∑

i∈Wmax,i/∈Wmin

G−(i).

We can apply f̂(V) as the upperbound estimation in the

branch and bound solution. The estimation of f̂(V) is of
only linear complexity toward the video length, thus it is
efficient compared with finding the f(V ∗) in a parameter
space V.

4.2 Branch-and-Bound Solution
A new search method called Spatio-temporal branch-and-

bound search (STBB) is presented in [20] to search the video
space. Instead of directly applying branch-and-bound in the
6D parameter space, it decomposes the parameter space into
two subspaces: (1) 4D spatial parameter space and (2) 2D
temporal parameter space. Different search strategies are
performed in the two subspaces W and T. It optimizes the
parameter alternately between W and T.

Alg.0: spatio-temporal brand-and-bound search [20]
Require: video V ∈ R

m×n×t

Require: quality bounding function F̂ (see text)
Ensure: V ∗ = arg maxV ⊆V f(V )
set W = [T, B, L, R] = [0, n] × [0, n] × [0, m] × [0, m]

get F̂ (W) = min{F̂1(W), F̂2(W)}

push (W, F̂ (W)) into empty priority queue P
set current best solution {W ∗, F ∗} = {Wmax, F (Wmax)};
repeat
retrieve top state W from P based on F̂ (W)

if (F̂ (W) > F ∗)
split W → W

1 ∪ W
2

CheckToUpdate(W1, W ∗, F ∗, P );
CheckToUpdate(W2, W ∗, F ∗, P );

else
T ∗ = arg maxT⊂[0,t] f(W ∗, T );
return V ∗ = [W ∗, T ∗].

function CheckToUpdate(W, W ∗, F ∗, P )
Get Wmin and Wmax of W

if (F (Wmin) > F ∗)
update {W ∗, F ∗} = {Wmin, F (Wmin)};

if (F (Wmax) > F ∗)
update {W ∗, F ∗} = {Wmax, F (Wmax)};

if (Wmax 6= Wmin)

get F̂ (W) = min{F̂1(W), F̂2(W)}

if F̂ (W) > F ∗

push (W, F̂ (W)) into P



4.3 Improved Branch-and-Bound Solution for
Detection

As discussed before, conventional branch-and-bound solu-
tion can be further sped up. Instead of searching for an opti-
mal V ∗ with maximum detection score, we can safely termi-
nate the search if none of the candidates satisfies f̂(V) ≥ Dt.
In such a case, it is guaranteed that f(V ∗) < Dt, thus V is
not a valid parameter space. Furthermore, if a subvolume
with valid detection score f(V ) ≥ Dt is found during the
search, we can quickly finalize the detection based on the
current solution, instead of keeping looking for V ∗. Incor-
porating the above two heuristics, we present the improved
branch and bound algorithm in Alg.1.

Compared with previous methods in [6] [20], during each
search iteration, we retrieve an upper bounded estimation
F̂ (W) from the heap. If F̂ (W) < Dt, we directly reject the
whole video sequence V, since no V ∗ can meet the detection
threshold. This strategy largely speeds up the scanning of
negative video clips which do not contain the target action.
Moreover, at each search iteration, we also keep track of the
current best score F ∗. When F ∗ ≥ Dt, it is guaranteed that
there exists a valid detection in the corresponding parame-
ter space W that contains F ∗. In such a case, we speed up
by limiting the rest of the search within W only. In other
words, instead of searching for the optimal f(V ∗), we are

satisfied with a qualified detection f(Ṽ ) > Dt, although it

is possible that f(Ṽ ) < f(V ∗).

Alg.1: Accelerated Branch and Bound for Detection
Input: video V ∈ R

m×n×t, detection threshold Dt

Output: subvolume Ṽ ⊆ V, s.t. f(Ṽ ) ≥ Dt (or Ṽ = ∅)
set W = [T, B, L, R] = [0, n] × [0, n] × [0, m] × [0, m]

get F̂ (W) = min{F̂1(W), F̂2(W)}

push (W, F̂ (W)) into empty priority queue P
set current best solution {W ∗, F ∗} = {Wmax, F (Wmax)};
repeat
retrieve top state W from P based on F̂ (W)

if F̂ (W) < Dt

return Ṽ = ∅
if (F̂ (W) > F ∗)

split W → W
1 ∪ W

2

CheckToUpdate(W1, W ∗, F ∗, P );
CheckToUpdate(W2, W ∗, F ∗, P );

else
T ∗ = arg maxT⊂[0,t] f(W ∗, T );

return Ṽ = [W ∗, T ∗].

function CheckToUpdate(W, W ∗, F ∗, P )
if (F ∗ ≥ Dt)

clear priority queue P
push (W, F̂ (W)) into empty priority queue P

else
Get Wmin and Wmax of W

if (F (Wmin) > F ∗)
update {W ∗, F ∗} = {Wmin, F (Wmin)};

if (F (Wmax) > F ∗)
update {W ∗, F ∗} = {Wmax, F (Wmax)};

if (Wmax 6= Wmin)

get F̂ (W) = min{F̂1(W), F̂2(W)}

if F̂ (W) > F ∗

push (W, F̂ (W)) into P

5. EXPERIMENTS

5.1 Efficiency Test
To validate the efficiency of our proposed algorithm, we

select the first five video sequences of two-hand waving in the
CMU action dataset [5]. Each sequence contains a two-hand
wave action and we want to detect a subvolume that covers
the action. The detection threshold is selected as Dt = 10,
which does not affect the efficiency of our approach. The
detected subvolume will be compared with the ground truth
subvolume.

In Table 1, we compare our proposed Alg.1 with the con-
ventional branch-and-bound method in Alg.0, which finds
the unique optimal subvolume of maximum score. W ∗ is
the spatial window containing left, right, top, and bottom
parameters. T ∗ includes the start and end frames. It shows
that detection results of Alg.1 are close to those of conven-
tional branch-and-bound, in terms of detection scores and
subvolume parameters. However, the search speed can be
tens of times faster than the conventional approach in terms
of the number of branches. We implement Alg.1 using MAT-
LAB and it can process videos of resolution 160 × 120 at
around 5-30 frames per second, without including the ex-
traction of STIPs and calculation of voting score s(d).

The overall cost of our method is from three aspects: (1)
extraction of STIPs; (2) calculation of voting scores and
(3) search of the spatio-temporal subvolume. First, for our
videos of resolution 160 × 120, the detection speed of the
STIPs of is 4-8 frames per second using the binary code
provided by [8]. Second, by using LSH for efficient nearest
neighbor search, the query time of each STIP is only 10 to
20 milliseconds. As each frame contains 5-10 STIPs on aver-
age, the processing time is 5-20 frames per second. Finally,
for the efficiency purpose, we apply the approximated strat-
egy mentioned above in searching for the spatio-temporal
bounding box in our experiment. This leads to an efficient
MATLAB implementation at around 5-30 frames per sec-
ond. Overall, our method has the potential to be imple-
mented in real-time.

5.2 Multi-class action detection
To test our method on multi-class action detection, we

select 3 classes of actions: boxing, hand waving and hand
clapping from the standard KTH action dataset [13]. We
use KTH dataset as the training data while using our own
dataset for testing. The KTH dataset contains 25 sequences
performed by 25 subjects for each action type. The data
are captured with clean background, but it contains actions
with different scales, view point changes, and style varia-
tions. It contains both indoor and outdoor scenes. To better
distinguish our target actions from the clutter and moving
background, we introduce the walking class in KTH dataset
(25 sequences) as the background class. Together with the
background class, we perform a 4-class classification in cal-
culating the score in Eq. 1. However, our detection task does
not include walking. For each of the three action classes, its
negative STIP set includes those from the background class
(walking), as well as the other two action classes.

The test dataset are captured and labeled by ourselves. It
contains 10 video sequences and has in total 44 actions: 10
hand clapping, 16 hand waving, and 18 boxing, performed
by 8 subjects. Each sequence contains multiple types of ac-
tions. There are both indoor and outdoor scenes. All of the



W ∗ T ∗ score # of branches

V1: Alg.0 55 97 23 54 442 553 16.21 206933
V1: Alg.1 55 97 23 52 442 546 15.97 4549

V2: Alg.0 61 122 20 38 673 858 37.39 67281
V2: Alg.1 60 122 20 39 673 858 37.36 4668

V3: Alg.0 72 118 22 71 11 700 89.01 71594
V3: Alg.1 82 114 23 73 10 705 85.21 2275

V4: Alg.0 73 112 23 77 420 1083 73.42 63076
V4: Alg.1 77 108 23 78 420 1083 70.93 2363

V5: Alg.0 18 144 7 114 418 451 46.50 315770
V5: Alg.1 41 151 7 114 419 451 45.36 133027

Table 1: The comparison of search results between our Alg.1 and conventional branch-and-bound in Alg.0.
We test our method on the first five sequences in the CMU hand-waving dataset. It shows our proposed
method in Alg.1 can be up to 20 times faster than that of Alg.0, while still achieve similar performance as the
optimal solution. We manually select the detection threshold D=10. However, the efficiency of our approach
does rely on this parameter.

video sequences are captured with clutter and moving back-
grounds, where human tracking and detection is very diffi-
cult. Each video is of low resolution 160 × 120 and frame
rate 15 frames per second. Their lengths are between 34
to 76 seconds. To evaluate the performance, we manually
label a spatio-temporal bounding box for each action. We
apply similar measurement proposed in [5] but with a rela-
tive loose criterion. A detected action is regarded as correct
if at least 1/4 of the volume size overlaps with the ground
truth label. On the other hand, an action is regarded as
retrieved if at least 1/8 of its volume size overlaps with a de-
tection. We apply the precision and recall scores to measure
the performance. 1 To filter noisy detections, we require
a valid detection lasts more than 20 frames while less than
200 frames.

Because only a very small portion of pixels d ∈ V are
associated with STIPs, we put a constant negative prior
s(d∅) < 0 to the rest of pixels which do not associate with
any STIP. In other word, if a pixel does not associate with a
STIP, we tend to classify it into the background class and it
will vote a negative score toward any positive action class.
With such a negative prior, we put a penalty on detections of
large spatio-temporal scales, i.e. large volume size. Another
advantage is that this brings a unique maximum solution
when searching the subvolume with maximum score.

In Fig. 5.2, we show the precision and recall curves for
three class actions, by changing the detection threshold Dt

from 1 to 20. We also compare two difference choices of
s(d∅) = −5 × 10−5 and s(d∅) = −1 × 10−4. It shows the
negative penalty s(d∅) = −1 × 10−4 performs slightly bet-
ter. Among the three types of actions, hand waving gives
much better detection performance than clapping and box-
ing. Boxing is the most challenging action class.

6. CONCLUSION AND FUTURE WORK
We have presented a data-driven approach for event de-

tection in crowded videos. A video event is characterized as
a spatio-temporal point collection and we apply the naive-
Bayes based mutual information to measure the detection
score. To efficiently search the spatio-temporal video space

1precision =# correct detect / # total detect
recall = # correct detect / # total action.
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Figure 2: Detection performance of three types of ac-

tion: hand clapping, hand waving and boxing.

for event detection, an accelerated branch-and-bound solu-
tion is proposed by using a heuristic search strategy. The
proposed method dramatically reduces search complexity
without significantly degrading the quality of the detection
results. To test our method, we treat human actions as
specific events. Our proposed detection method does not
rely on human tracking and detection, and can handle scale
variations, clutter and moving background, and even partial
occlusions. To evaluate the action detection performance, a
new action dataset with ground truth labeling is provided
and tested.

Although we only use human actions as concrete examples
of events, the proposed video pattern search approach pro-
vides a general and efficient solution to other types of event
detection. Our future work includes a further improvement
of the detection accuracy and the extension of our method
to other video analysis tasks.
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