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Abstract

We propose an autocorrelation Cox process that extends

the traditional bag-of-words representation to model the

spatio-temporal context within a video sequence. Bag-of-

words models are effective tools for representing a video by

a histogram of visual words that describe local appearance

and motion. A major limitation of this model is its inabil-

ity to encode the spatio-temporal structure of visual words

pertaining to the context of the video. Several works have

proposed to remedy this by learning the pairwise correla-

tions between words. However, pairwise analysis leads to

a quadratic increase in the number of features, making the

models prone to overfitting and challenging to learn from

data. The proposed autocorrelation Cox process model en-

codes, in a compact way, the contextual information within

a video sequence, leading to improved classification perfor-

mance. Spatio-temporal autocorrelations of visual words

estimated from the Cox process are coupled with the infor-

mation gain feature selection to discern the essential struc-

ture for the classification task. Experiments on crowd ac-

tivity and human action dataset illustrate that the proposed

model achieves state-of-the-art performance while provid-

ing intuitive spatio-temporal descriptors of the video con-

text.

1. Introduction

Video classification is a fundamental task in computer

vision. As smart phones and hand-held cameras become

prevalent, the number of videos people upload and share

via websites such as YouTube increases tremendously. In

order to provide automatic video search by contents, video

annotation or classification play a critical role. However,

the problems become challenging because traditional video

descriptors often display high intra-class variability. For hu-

man action or crowd activities, different instances of videos

within the same activity class may show significantly dif-

ferent behavior and motions. In addition, the visual appear-

ance and motion changes dramatically if the camera view is

changed. Learning commonality within a class for complex

and diverse video is the crucial goal of video classification.

Precise detection and modeling of the human pose or

detection of objects in video as the means and represen-

tation for video classification is typically not possible due

to low resolution of the video and varying camera views.

Additionally, pose estimation is computationally expensive

and often of inconsistent quality, depending on the back-

ground clutter or occlusions. To circumvent these problems,

Laptev et al. [7] introduced an efficient representation of a

video based on spatio-temporal interest points (STIP) [6].

Laptev’s STIP detector extends the Harris corner detector

to a 3D video volume.

A number of other STIP representations have been intro-

duced as alternatives to [6]. Dollar et al. [5] proposed STIP

detector combining 2D Gaussian filter in space with 1D Ga-

bor filter in time. Chen and Hauptmann [3] extended SIFT

descriptor by introducing SIFT-like feature describing local

motion which has scale invariance property. While these

methods detect sparse interest points, Wang et al. [16] pro-

posed extracting dense trajectories to represent video con-

text.

Most STIPs, however, describes appearance and motion

only within a local 3D video sub-volume. Laptev [7] de-

scribe neighboring video volume by first partition them to

small cells and represent with histogram of gradient (HoG)

and histogram of optical flow (HoF) in each cell. Wang

et al. [16] introduced motion boundary histogram (MBH)

which tends to be more robust to noisy camera motion, in

addition to HoG and HoF features along the trajectories.

To describe the global video volume, most STIP-based

models adopt a bag-of-words (BoW) representation. BoWs

are typically non-parametric models, such as histograms,

that attempt to encode the distribution of discrete code-

words (STIP-types) constructed from STIPs. These repre-

sentations are simple and enable a surprisingly good empir-

ical video classification tool.

However, the main drawback of the BoW model is that

it disregards the spatio-temporal structure i.e., the context

within a video. To resolve the problem, Laptev [7] adapted
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the spatial pyramid matching to a video representation by

dividing the 3D video volume. Niebles et al. [12] model

the temporal structure of complex actions by decomposing

them into simpler action segments, with each segment mod-

eled as a BoW. Bregonzio et al. [2] detect a region of inter-

ests(ROI) in each image and model the size and motion of

ROIs over subsequent image frames.

Savarese et al. [14] introduced modeling of pairwise cor-

relation between visual words to represent contextual de-

pendencies in the spatio-temporal structure. To accomplish

this, they modeled the co-occurrence of all possible pairs

of STIP words by a family of cubic-shaped kernels cen-

tered on each word. Kernels of different shape and size

produced spatio-temporal (ST) correlograms as descriptors

of the word “interactions” within a video volume. Although

this representation provides additional contextual informa-

tion, it also suffers from high dimensionality of the newly

introduced features. [14] defined a concept correlaton, a

clustering of ST-correlograms into their own discrete groups

remedy this problem. However, performance of this repre-

sentation on complex video data has not been satisfying, in

part because of the loss of information due to the second

clustering step.

We propose an autocorrelation Cox process model that

encodes spatio-temporal context in a video. In contrast

to the ST-correlograms that represent cross correlation be-

tween a pair of visual words, the autocorrelation Cox pro-

cess model takes advantage of a compact representation

while focusing on spatio-temporal autocorrelations within

independent visual words.

Our contribution is two-fold:

• We propose a novel remedy to quadratic explosion in

the feature dimension, which originates from pairwise

analysis of visual words in Cox models. [11] reduces

the feature dimension by clustering pairs of visual

words into meta-clusters. A critical limitation of that

approach is that meta-clusters do not rely on spatio-

temporal information of individual STIPs in the pair,

but only considers their correlation patterns. Since in-

dividual STIP information is important in activity anal-

ysis problems, our approach retains this information

while reducing the feature dimension from quadratic to

linear in the number of visual words. Moreover, [11]’s

approach of parametric fitting the correlation func-

tion is not applicable to the spatio-temporal domain

where STIPs occur sparsely in space and time unlike

the interest points in texture images. We retain non-

parametric forms of correlation instead of [11]’s ex-

ponential approximation. Finally, we show that in the

case of video data it is more beneficial to retain only

the auto-correlation patterns (AutoCox) rather than the

cross-correlation texture patterns in [11].

(a) kernel radius 1.5 (b) kernel radius 2.5

(c) kernel radius 3.5 (d) correlation function

Figure 1: Example of how Cox process correlation function

is estimated in 1D space. (a)-(c) Kernel weights for corre-

sponding radius, which contribute to correlation estimation

(d) Cox process correlation function is estimated over dif-

ferent radii

• We proposed an approach that filters out non-

discriminative Cox components using information

gain. Texture images exhibit repetitive dense patterns

and [11] considers all STIPs as contributing to clas-

sification. This is not the case in video where, among

many possible between-STIP correlation patterns, only

few contribute to discrimination of activities. A data-

driven pre-filtering of correlation patterns is thus es-

sential for good generalization performance of Cox

models in the video domain.

The rest of the paper is organized as follows. Our pro-

posed autocorrelation Cox process model is described in

Section 2. Related work are reviewed in Section 3. The

model is evaluated and compared to state-of-the-art in Sec-

tion 4. Finally, discussions are presented in Section 5 fol-

lowed by the conclusion in Section 6.

2. Spatio-temporal context model

2.1. Univariate Cox process

Cox process X is a point process defined on a locally fi-

nite subset S ⊂ R
2. The intensity Λ of Cox process X fol-

lows from stochastic process. If intensity Λ is spatially con-

stant, the Cox process follows homogeneous Poison pro-

cess. Møller et al. [10] proposed a Log Gaussian Cox Pro-

cess (LGCP) to model the spatial point process. The inten-

sity process Λ of LGCP follows the log Gaussian process:

Λ = {Λ(s) : s ∈ R
2}, (1)

Λ(s) = exp{Y (s)}, (2)

Y ∼ N (μ, σ2) (3)
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Summary statistics of the Log-Gaussian Cox process X

with intensity Λ are defined by the first and second or-

der moments. Møller et al. [10] suggest efficient non-

parametric estimation of the mean intensity ρ and the corre-

lation function c(r) for a univariate Cox process X:

ρ̂ = n/A(S), (4)

ĉ(r) = log ĝ(r), (5)

ĝ(r) =
1

2πrρ̂2A(S)

∑
i

∑
j �=i

kh(r − ||xi − xj ||2)bij ,

(6)

kh(a) =
3

4h
(1− a2/h2)δ(a),

δ(x) =

{
1 if − h ≤ x ≤ h

0 otherwise
(7)

(4) estimates the mean intensity, where n is the number of

points observed in S and A(S) is a surface area of the plane

S ⊂ R
2. (5) estimates autocorrelation as a function of ra-

dius r. In (6), xi and xj are the coordinates of points i
and j sampled from X and bij is the proportion of circum-

ference of the circular kernel centered at xi within S. In

(7), h defines the kernel width that controls smoothness of

the correlation function. Møller et al. [10] selected Epanec-

nikov kernel and also listed different possible choices for

the kernel function.

An example of the Cox process correlation model is de-

picted in Figure 1. The univariate point process is shown

on the horizontal line. For each radius, different kernel

weights are calculated as a function of the distance from

the red point xi to the blue points xj . Figure 1 (d) shows

the correlation function of this univariate Cox process. We

can see that the function peaks at radius 2.5 which is close

to the average pairwise distance between all points.

2.2. Autocorrelation Cox process

In this section, we propose the autocorrelation Cox pro-

cess (AutoCox) that encodes spatio-temporal context in a

video.

Each video n ∈ N is represented by K visual word point

processes. Point x consists of (l, v, h, t) : the visual word

label l, vertical location v, horizontal location h, and the

frame number t. For each point process Xk, the univariate

Cox process ĝk is estimated as described in section 2.1. ĝk
represents the spatio-temporal distribution of Xk. Our goal

is to learn a common structure of each visual word within a

video class.

Correlation estimates of the univariate Cox process for

all visual words are taken as the input feature of each video.

In order to infer the autocorrelation structure relevant for

classification, we adopt the information gain feature selec-

tion principle. From an initial pool of features D with C

Algorithm 1 Autocorrelation Cox process

Require: Set of point processes X = {xi : (li, vi, hi, ti)}
1. Estimate univariate Cox process

for all video n ∈ N do

for all point process Xk, k ∈ K do

for all radii r ∈ R do

Estimate ĝk(r) using (6)

ĝk ← ĝk/
∑

ĝk
end for

end for

Feature D = {dn : (ĝn1, ..., ĝnK)}
end for

2. Feature selection

for all feature f ∈ |D| do

Calculate information gain using (8)

Feature DIG = {df |IGf > Thres}
end for

3. SVM classification

min
{

1

2
‖w‖2 + C

∑N

i=1
ξi

}
subject to yi(w · d

i

f
− b) ≥ 1− ξi, ξi ≥ 0, i ∈ N

classes, information gain of each feature df is calculated as

(8). Feature value of df is partitioned into V bins. A set

{df = i} is the subset of df which falls into the ith bin. In

(9), pj(D) is the class prior probability for class j ∈ C.

IG(D,df ) = H(D)−
V∑
i=1

|df = i|

|D|
H(df = i), (8)

H(D) = −
C∑

j=1

pj(D) log pj(D) (9)

Features with information gain higher than the threshold

are selected as input features to an SVM classifier. Algo-

rithm 1 summarizes the AutoCox modeling approach for

video classification.

3. Related work

Nguyen et al. [11] proposed a new representation of tex-

ture images modeled by multivariate log-Gaussian Cox pro-

cesses, with the goal of classifying different types of tex-

tures. First, interest point detectors are applied to texture

images and each point is labeled by a visual word from vo-

cabularies constructed using the K-means clustering algo-

rithm. Then, they used the non-parametric estimation of a

multivariate Cox process proposed by [10] to model the 2D

spatial correlation between pairs of visual words.

Nguyen et al. [11] represent a texture image with the Cox

process intensity ρ̂ and the correlation function ĉ(r). In K-
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variate log Gaussian Cox process, ρ̂ is 1×K vector and ĉ(r)
is K × K × R tensor, where R is the number of sampled

radii. Rather than use the nonparametric model of the cor-

relation, they fit an exponential profile exp(−(r/β)α) with

two parameters α and β.

In order to resolve the quadratic increase of the number

of features induced by pairwise relationships, [11] proposed

hierarchical clustering to group pairs of visual words into a

new codebook of size K∗ 	 K2 and represent the Cox

process by a 3K∗ dimensional vector including K∗ density

and 2K∗ parameters of the exponential profile. This repre-

sentation is subsequently coupled with an SVM classifier to

detect different types of natural textures.

The same approach can be extended to video data. Bi-

variate Cox process can be considered to model the spatio-

temporal point process of STIPs. xi and xj in (6) will

now represent the spatial location and the frame number

as described in 2.2. Isotropic or anisotropic kernel on the

spatio-temporal dimension can be used. ||xi − xj ||2 is the

Euclidean distance in the spatio-temporal 3D space. How-

ever, the dimensionality reduction technique which essen-

tially reduces the number of visual words used in [11] will

typically lack descriptive power in video.

3.1. Spatio-temporal Correlaton

A model related to the proposed Cox process is presented

in [14]. Savarese et al. [14] proposed a spatio-temporal cor-

relation model that counts the visual word co-occurrence

using cubic shape kernels. This model can be seen as a spe-

cial case of the Cox process where the correlation function

estimation in eq (6) is replaced by (10), where r are radii

and h is the width of the kernel.

gh(r) =
∑
i

∑
j

δ(||xi − xj ||2 − r),

δ(x) =

{
1 if − h ≤ x ≤ h

0 otherwise
(10)

In [14], in order to effectively handle the quadratic di-

mensional problem, the authors propose to cluster the esti-

mated pairwise correlation profiles. They call such cluster

centers the spatio-temporal correlatons(ST-correlatons) and

represent a video by a histogram of ST-correlatons, in ad-

dition to the unigram histogram of visual words. This re-

duces the video representation from the K × K × R size

correlation tensor to a K +K∗ histogram vector. However,

this representation of correlation structure in the video dis-

regards the identity information of the two visual words that

originally produced the ST-correlaton. The authors claim

that such clustering works despite of information loss be-

cause it is robust to geometric transformations induced by

the pose change. However, our experiments indicate that the

(a) Isotropic kernel (b) Anisotropic kernel

(c) Isotropic correlation (d) Anisotropic correlation

Figure 2: Example of the AutoCox using isotropic and

anisotropic kernels. Anisotropic kernel has capability to

describe spatio-temporal correlation independently. (a), (b)

Point process from top-view. The vertical and horizontal

axis indicate space and time dimension. (c) Kernel in blue

can capture more points. As a result, higher correlation is

expected to temporal dimension. (d) confirms high correla-

tion from short to mid temporal radii on the first row. High

correlation is represented by red color.

proposed clustering approach fails to achieve strong classi-

fication performance.

4. Experiments

We analyze the autocorrelation structure from the Cox

process on two different video classification tasks. The two

tasks are abnormal activity detection and human action clas-

sification.

For all datasets, local motion and visual appearance fea-

ture are extracted using the Dense Trajectories Video De-

scriptor [16]. This descriptor extracts dense trajectories of

frame length 15 from optical flow and provides 4 different

channels of features: normalized trajectory, histogram of

gradient (HoG), histogram of optical flow (HoF) and mo-

tion binary histogram (MBH). We chose the dense trajec-

tories descriptor over sparse spatio-temporal interest points

because dense sampling typically provides more meaning-

ful and versatile features for low resolution videos. Thus,

it is well matched for analyzing point process distributions.

Once the descriptor is extracted, K-means clustering is ap-

plied on each channel to construct the visual words sets and

assign all descriptor to its closest center. Each descriptor in

a video has four independent labels each corresponding to

four feature channels.
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(a) Normal behavior (b) Abnormal behavior

Figure 3: Example of UMN dataset

In the next phase, autocorrelation of each visual word

is estimated using the Cox process with eq (10). We treat

each trajectory as an interest point and we use the first frame

location of the trajectory as the point coordinates in the 3D

video volume. The correlation function can be estimated

for an isotropic kernel in 3D or an anisotropic kernel with

independent space and time profiles. Radii settings and the

width of the kernel are decided empirically. Illustration of

isotropic and anisotropic kernels is shown in Figure 2.

Finally, the discriminative autocorrelation element is se-

lected using the information gain feature selection. From

the training set, we calculate the information gain with re-

spect to the class label on each correlation element (K, s, t)
triplet where K is visual word index and s and t is spatio-

temporal radii. Correlation elements which exceed an in-

formation gain threshold are selected as input feature d
i
f

for video i. A Gram matrix between video d
i and d

j is

calculated from the normalized dot product, k(di,dj) =
d

iT
d

j

||di||||dj || and an SVM model is learned for classification.

For each dataset, we compared performance to state-of-

the-art published results as well as the performance of the

BoW model. For BoW, the kernel is calculated using a χ2

distance of histogram.
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Figure 4: Information gain of autocorrelation features from

UMN dataset. Features in each descriptor channel are

sorted in descending order of information gain.

4.1. Abnormal group activity detection

The UMN dataset [1] consist of group activities in

two different states, normal and abnormal. The video is

recorded in three different scenes including one indoor and

two outdoor scenes, with a total of eleven video sequences

that start as normal state of natural walk and end in abnor-

mal “disperse” motion of the group of people. Examples

are illustrated in Figure 3.

As in [9], we also used K = 30 visual words on dense

trajectories[16]. From eleven video sequences, we take a

sliding window of 60 frames as a video clip to model the

AutoCox. Each window slides in steps of 10 frames. We

chose 60 frames to ensure a sufficient number of points to

estimate the autocorrelation for each visual word. We used

the first 100, 190 and 130 frames from the three scenes

respectively for normal and abnormal videos for training,

which corresponds to 8.26% of whole dataset. The rest of

video segments are used for testing.

For estimation of the Cox process within each sliding

video, we used a cubic kernel in (10) with spatio-temporal

radii incremented by 16 pixels from 16 to 160 pixels and

the kernel width is also fixed at 16 pixels. Each video

is represented by autocorrelation of g(K, s, t),where K =
1, ..., 30, s = 16, 32, ..., 160, t = 16, 32, ..., 160 forming a

tensor of size 30 × 10 × 10. Autocorrelation for a video is

then normalized to 1. Example of autocorrelation with the

corresponding point process is illustrated in Figure 7

Information gain threshold is set as 0.21 during the train-

ing phase. Correlation features with the gain higher than

the threshold are selected. Information gain of autocorrela-

tion values from four different feature channel is shown in

Figure 4. On average over four channels, 700 features are

selected from the initial pool of 3000 features in each chan-

nel. Finally, an SVM model is trained for classification of

normal and abnormal sliding windows.
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Figure 5: AUC results over different Information gain

threshold

Impact of the information gain feature selection is shown

in Figure 5. The blue dashed line is the AUC score of the

classifier that uses all 3000 features of the AutoCox in each

channel. The red solid line shows the AUC scores as a func-

tion of the information gain threshold. Selecting the higher

information gain threshold results in selecting the fewer fea-

tures. It shows that accuracy dropped after choosing the

gain threshold over 0.6 because too few features were se-

lected. The figure shows that selecting subset of features

actually improves AUC over using all features. This justi-

fies our claim that not all correlation structure is useful for

classification.

The abnormality detection results are reported in Table

1. The AutoCox improves the result of the BoW model and

achieves the best area under ROC curve(AUC) among state-

of-the-art. Our proposed model achieved the same AUC as

Wu et al.[17]. However, our model was able to accomplish

this in the training set using fewer frames. Wu et al.[17]

used 75% of normal clips from six sequences, whereas we

used only 8.26% including normal and abnormal clips from

all eleven sequences. Achieving high accuracy from smaller

training set is critical in the video analysis where extracting

and storing large sets of features can be prohibitive and la-

beling large datasets may be expensive.

AUC comparison among the AutoCox, the BoW, and the

BoWSPM models as a function of the training set size is

reported in Figure 6. The AutoCox achieves higher AUC

than the BoW or BoWSPM models across different sizes

of the training set. This result reveals that the structure

of the point process distribution of each visual word con-

veys higher discriminative information compared to the his-

togram of occurrence frequency that the BoW model uses.

In fact, BoWSPM model also incorporates spatio-temporal

context in coarse level, which outperforms the BoW model.

However, the partition grid of BoWSPM suggested by [7]

too coarse to capture the precise spatio-temporal context in

videos.

Figure 7 illustrates examples of the point process and the

Figure 6: AUC comparison using a different number of

training set among AutoCox, BoW, and SPM models

autocorrelation on two videos. The top row shows a video

in normal state and the bottom displays abnormal video. In

each cell, left figure is showing the point process from the

top-view. The vertical axis is space while the horizontal

axis indicates time. Right figure displays the autocorrela-

tion of space(row) and time(column). Red inidcates high

correlation with blue describing the opposite.

For Visual Word 1, the point process of normal and ab-

normal video shows similar patterns. From the autocorrela-

tion of visual word 1 from the normal video, we can infer

that point processes have strong correlation in short spatial

radius and short to medium temporal radius. Nevertheless,

the point process concentrated spatially, thus lead to high

correlation only on short spatial radius. In fact, points form

two clusters where one resides on the top and the other one

on the bottom. However, the distance between the two clus-

ter is farther apart than the maximum spatial radius, result-

ing in no cotribution to the correlation element on the far

range spatial radius.

In contrast, for visual word 2, the two videos show very

different point process patterns, as reflected in different au-

tocorrelation profiles. Limited to this example, we can infer

that visual word 2 will be have higher discriminative power

compared to visual word 1.

Table 1: Abnormality detection results on UMN dataset

AUC

Mehran et al. [9] 0.96

Wu et al. [17] 0.99

Cong et al. [4] 0.97

Saligrama and Chen [13] 0.98

BoW on dense trajectory 0.96

BoW w/ spatial pyramid match 0.97

AutoCox 0.99
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Figure 7: Cox process and correlation function for two instances from UMN group activity dataset

4.2. Human action classification

In this section, the experiment is performed on the

YouTube dataset [8]. The dataset consists of 1168 videos

from 11 actions of basketball, biking, diving, golf swing,

horse riding, soccer juggling, swing, tennis swing, trampo-

line jumping, volleyball spiking and walking. Following [8],

a 25 fold cross validation was used for classification.

In this experiment, we first calculate a BoW histogram

of M = 2000 visual words for each video. However, the

visual words for M = 2000 are oversegmented, making it

very challenging to extract meaningful correlation profiles.

Instead, we estimate the AutoCox model for M = 10 vi-

sual words and calculate the Gram matrix as proposed. For

spatial and temporal radii of Cox autocorrelation, the same

settings are used as in section 4.1. Information gain for each

descriptor channel is shown in Figure 8. Information gain

threshold is selected as 0.19. Finally, we combine the Gram

matrix from the AutoCox model with the that of the BoW

with M = 2000 model.

We compare the classification result of the AutoCox

model with M = 10 to the AutoCox with M = 2000 vi-

sual words and the ST-Correlatons [14]. The ST-Correlaton

model[14] estimates the cross correlation of every pair of

M = 10 visual words. K∗ = 2000 examplars of cross

correlation pattern are clustered. ST-Correlatons histogram

of K∗ = 2000 was concatenated to that of the BoW of

M = 2000.

Our experiment result of the BoW model achieved

82.88%, which is slightly below what [15] reported. We be-

lieve that it is due to the number of visual words they used

(M = 4000) and the different setting of Dense trajectory

extractor. We increased the sampling stride setting of the

dense trajectory extractor from 5 to 10, which results fewer

trajectories.

Table 2: Classification results on Youtube dataset

Accuracy(%)

Liu et al.[8] 71.2

Wang et al.[15] 84.1

BoW w/ M2000 82.88

BoW + ST-Correlaton K*2000 79.91

BoW + AutoCox w/ M2000 81.44

BoW + AutoCox w/ M10 84.23

In Table 2, the AutoCox model with M = 10 achieved

the best result. ST-Correlaton degrades the classifica-

tion accuracy of BoW when it combines histogram of ST-

Correlaton with that of BoW. The autoCox model with

M = 2000 visual words also deteriorates the accuracy of

BoW. This result suggests that the meaningful correlation

structure can be extracted from using a number of visual

words significantly smaller from that of traditional, BoW

histograms.

Two remarks can be made from the result of this ex-

periment. First, for complex video datasets which require

high number of visual words for BoW model, ST-structure

analysis is effective when it is applied on small number of

visual words independent to BoW visual words. Second,

autocorrelation of ST-structure (AutoCox) still outperforms

cross correlation of pairwise visual words (ST-Correlaton),

even when small number of visual words are used. With

small number of visual words, quadratic feature size does

not impose a huge burden. Nevertheless, we showed that

autocorrelation of each visual word is capable of modeling

discriminative video context than cross correlation.
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Figure 8: Info gain of features from YouTube dataset

5. Discussion

A major challenge of the pairwise correlation representa-

tion for image and video classification is that it suffers from

a quadratic explosion in the number of pairwise relation-

ships. If the size of the training set is not sufficiently large,

a complex representation of the data is bound to overfit.

The proposed model instead focuses on the autocorre-

lation analysis which will reduce the number of features

from quadratic to linear with respect to the number of vi-

sual words in a video. The impact of this representation is

two-fold. First, it requires fewer training samples to learn a

meaningful structure. Nevertheless, the proposed model is

still able to encode the spatio-temporal contextual informa-

tion important for interpretation of visual activities, which

is not present in traditional “unigram” BoW models or is

too coarsely represented in pyramid type of representations.

Finally, the autocorr representation is computationally effi-

cient, resulting in reduced time as well as space complexity.

In addition, we empirically showed that not all corre-

lation elements are equally important for classification. If

a specific pattern of a visual word occurs in the videos of

different classes, correlation structure correspond to such

pattern will deteriorates classification accuracy. Figure 7

illustrates that this in effect happens.

6. Conclusion

We present a novel method that enables learning

the spatio-temporal context in videos without suffering

quadratic increase in the number of features. The pro-

posed AutoCox model is used to generate contextual au-

tocorrelation spatio-temporal features, one per each visual

word, to describe longer range co-occurrence patterns in

space and time. Information gain is then applied to extract

meaningful features that are subsequently used to classify

visual events and activities. Our proposed model outper-

forms the BoW and achieved state-of-the-art performance

for anomaly crowd activity detection and human action

classification problem.
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