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ABSTRACT one object, but need complete/reliable tracks to do so. In-

In this paper, we present a new method to automatically disqeed’ in real C.:CTV data, object segmentation and occlusion
cover recurrént activities occurring in a video scene, and tls_sues are qune frequent and may cause problems. To deal
identify the temporal relations between these activiﬁseg,s to with traF: kfailures, non pa'rar'ne.trlc'track features ha'veeuiy :

: . : " been tried [6, 7]. The main limitation of such techniques lie
discover the different flows of cars at a road intersectiod, a

. . C in the detection of events involving multiple objects, whic
o identify the traffic light sequence that governs theseélow can not be handled straightforwardly in the clustering stag

The proposed method is based on particle-based trajes;tonel_o avoid object tracking, different “topic-like” framewis

:lnsali//\zlg%;mgﬁggiec‘;fgz(#z(g{vz::/le'\;lsa(;doC'Pg(;';gf';grrzzg'nuesing motion between successive frames have been proposed:
s . . . e.g. variants of HMM [8] but failing to detect events where
activity recognition task on a road intersection datasee W

X multiple objects are involved, topic models [9] where no
last show that our model is also able to perform on the fly ab: P J » 1P [9]

. . . o . temporal information can be taken into accounts, or even
normal events detection (by identifying activities or telas P

that do not fit in the usual/discovered ones), with encomggi HMM-based model handling temporal correlations of mult-
performances k a9 ple objects [10], but requiring @ priori define the number of

regions which represent the scene content. More receindy, t
Index Terms— Video surveillance, activity recognition, learning of co-occurring activities with a temporal aspeas

anomaly detection, HMM, HDP-HMM, topic models. been addressed either using the temporal order of words e.g.

PLSM [1] or by modeling the temporal order of the activities

e.g. MCTM [3] or DDP-HMM [2] (variant of HDP-HMM),

all using position and motion direction as input.

Nowadays, surveillance systems are deployed everywhere: j " this paper, we propose to combine both approaches

shopping malls, parking lots, etc. With this growing numberthrough a cascade of HMM and HDP-HMM models; we pro-

of CCTV systems, there is an increasing demand for autd?°9S€ to use a HMM mode to classify pgrticlg-based trajepto—
matic analysis of the data generated by such systems. ries, and to use a HDP-HMM model to identify co-occurring
In the past few years, there had been several attempts {rajectories and their temporal relations. The remainirthe

develop methods that can automatically learn the ruIesrwhicpaper('jS orge:jnllzed as follows; first, next sictlon mtrodupe
governs a video scene, and automatically classify a vidae co ¢@Scade model we propose to use. We then present in Sec. 3
tent as normal or abnormal [1, 2, 3, 4]. In the surveillancgluantitative results obtained on road intersection CCTid;da

context, the main challenge of this task lies in theriori W& compare performances with different state-of-the-adm

unknown type of objects, events or anomalies to be Consiole for b_oth activity recog_nition and abnormglity detentio
ered for the detection. Anomaly can have various causes (e_gonclusmns and perspectives are last drawn in Sec. 4.
a single object behavior, the spatial or temporal relatien b
tween two or more objects, a combination of them., etc.), 2. MODEL OVERVIEW
which cannot be exhaustively listed to ensure their degacti
To cope with this issue, most of the recent approaches buil@his section introduces the cascade of particle-basekitigic
a model that identify the video content structure (i.e. idenHMM and HDP-HMM models we propose to use. For conci-
tify mobile objects patterns that correspond to recurretiva  sion matters, this paper does not provide detailed desmmipt
ities), and then compute a normal/abnormal level by infigrri  of models; interested readers may consult [11] and [12] for
the current ongoing activities on the built model. more detalils.

Recent research on automatic scene activity modeling can
be divided into two main ca_ltegories:.clustering/clgss!iidxra 2.1. Particle-based tracking
approaches based on object tracking and “topic-like” ap-
proaches based on motion between successive frames. Tradl- cope with the tracking issues mentioned in introduction,
ing based approaches [4, 5] can identify anomaly involvingve propose to use a tracking algorithm which proved to be

1. INTRODUCTION



Fig. 1. Sample images for each activities with extracted trajgeso(first row), and corresponding scene activity patterns
automatically discovered (second row). Transition matfilearnt patterns (right column).

efficient in various contexts (indoor/outdoor, metroftrai).  vantages of our words is thus that it is independent of the
This approach does not use any background modeling estiesolution, no threshold has to be fixed manually and new
mation, thus preventing from tracks failures and related isinformation/feature can be added on this first stage without
sues. The principle of the proposed tracking is to quickly lo increasing too much the size of the dictionary; remaining
cate moving objects in the scene using randomly distributedrawback is that the number of classes of this first stage
particles in the image [11]. Roughly, inactive particles ar HMM still has to be fixed manually.

randomly distributed and activated using a frame-diffeneg For the second stage, we adopt a HDP-HMM [12], that
threshold. After activation, a particle continuously tathe  automatically determines the different activities in ticerse
motion of the underlying object using a block-matching algo and the temporal relation between them. Compared to stan-
rithm. Particle’s trajectories are finally analyzed ancefi#td  dard topic models like LDA [13], the number of activities in
by computing a set of various features (e.g. linearity afkra the HDP-HMM has not to be fixed but is also discovered. In
track length,track duration, track direction, start/spapticle  addition, it allows to identify anomaly with respect to lear
location, etc.) to recycle useless ones (e.g. trackingries) activities using a log-likelihood threshold.

and keep active relevant ones. Occlusions just interrapt tr

jectories. Fig. 1(a-d) show examples of resulting trajeeto 3. EXPERIMENTS

2.2. HMM/HDP-HMM cascade 3.1. Datasets and settings

The model we propose to use is composed of two stages;Experiments were conducted on one CCTV footage dataset
first HMM stage to classify the particle-based trajectoréesl  (road intersection), showing flows of cars and people gov-
a second HDP-HMM stage to identify the co-occurring trajec-erned by a traffic light (see Fig. 1(e-h)). This dataset dosta
tories and the temporal relation between them. 50 minutes of video at a resolution 860x288 (30 fps). 5
For the first stage, we adopt a HMM with Gaussian mix-minutes is used for training and the remaining data forrigsti
ture, and use the position of the current active partizZlied-  purpose. The cascade configuration is the following; for the
tures) and corresponding trajectory directidrfiature) as in-  first stage, we fix arbitrarily the number of HMM state<th
put features. It worths pointing out that the trajectonedir  clip length were set t@ seconds@0 frames).
tion we use is computed over the whole trajectory, and not
only between the last two frames. In addition, in most of3
state-of-the-art “topic-like” models, an optical flow isme '
puted on a grid, then filtered and sampled to construct a vdFig. 1 shows the co-occurring trajectories and activitiiss d
cabulary with the position and the direction of the movementovered; each activity corresponds to one particular ehav
for each block of this grid called “classic words” in the rebt  in the scene. Fig. 1(a) to (d) are sample images explained by
the paper. all the discovered activities ((e) to (h)). Fig. 1(e) rems
Instead of using such features, we propose to directlyhe horizontal flow (of cars and people) from left to right,
use the trajectory classes issued from the HMM. The adFig. 1(f) the vertical flows of cars, Fig. 1(g) the verticalito

2. Activity recognition performance



of cars that turn on left or right, and Fig. 1(h) the horizdnta
flows (of cars and people) from right to left. Fig. 1(i) cor-
respond to the transition matrix of the learnt Markov chain,
which allow to clearly distinguish the different phases and
their usual temporal ordering; i.e. the cycle (e)-(f)-(b)-
managed by the traffic light, and the cycle (f)-(g) for tugin
vehicles when it is possible. With the current configuration
pedestrians share the same activities as cars.

So as to perform a quantitative evaluation of the recogni-
tion rate for the different activities, we selected ten n@sLof
the video in the testing dataset and manually associated one
or more activities to each frame. We then inferred these ten
minutes of annotated video on the trained model, varied the
decision threshold, and compared results to the grounkd trut
(GT) to obtain precision-recall curves (see Fig. 2). The end . ‘
of turning activity (g) can be confused with the end of ativi — ﬁé‘ﬁ’m'acnviw
(e) and (h), that’s why the result of (g) are slightly worse.

Scene
Activity

Likelihood

Jaywalking Drive Wrong Wa

Anomaly Discovered

Fig. 3. Activity recognition and anomaly detection results.
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3.3. Anomaly detection performance £ 04 |
The result of the anomaly detection tasks is presentedsn thi 03 |
section. Obvious categories of anomalies have been defined, 02 | particles based HMM/HDPHMM
namely jaywalking, illegal u-turn or drive wrong way. Jay- 01 | ;':;fc'ﬁegg:‘:egmﬂﬂm
walking category is composed of pedestrians crossing the in 0 classic words L DA .
tersection without respecting the zebra crossing, or pgades 0 01 02 03 04 05 06 07 08 09 1
ans crossing on the zebra but without respecting the red ligh Recall

lllegal u-turn concerns the vertical flow of vehicles. Thiver
wrong way category regroups all behaviors that we should Fig. 4. Precision-Recall curve for anomaly detection.
never see like vehicles in the wrong lane. Fig. 3 illustrates
such anomaly detection results. From top to bottom, the log- Several conclusions can be drawn from these experi-
likelihood defining the level of normality/abnormality isp-  ments; first, the HDP-HMM based approach always reach
resented by the graphic, the most probable activity for eachetter performances than LDA one, whatever the input fea-
clip by the colored bar, and the detected anomaly by thedinketures. Secondly, the use of particle-based tracking featur
sample image. and HMM classifier as input of the HDP-HMM model allows
Similarly to previous section, we perform a quantitativeto reach the highest performances in almost all tested config
evaluation of the anomaly detection rate for the differenturation. Indeed, contrary to classic words, our particedul
anomalies, using the whole testing videld (nin) manually  tracking features are less influence by noise in the scene,



HDPHMM LDA
GT | classic Tracks classic Tracks MCTM
words words
lllegal u-turn 11 4 3 4 3 2
Drive wrong way | 16 8 11 11 9 15
Jaywalking 13 7 9 6 8 1
Uninteresting - 9 8 14 13 29

Table 1. Summary of anomaly discovered.

e.g. local motion or noise acquisition/encoding. Regaydin
the uninteresting clips discovered, they can be classified i
2 groups: clips with vehicles that start (too) quickly at the

traffic light, and clips with objects going in very rare ditiet
not encountered in themin training set.

To conclude, we also compare our HMM-based cascadey?]
with the Markov Clustering Topic Model (MCTM) applied on
the same dataset [3] (see MCTM column in Table 1). While
these results cannot be strictly compared given the diffaxe
between the interpretation of the clip discovered, esfigcia
for the jaywalking category, the precision and recall ratzev
respectively 38% and 45% of recall for MCTM, while for the

same recall rate, we reach a precision rate of 72%.

4. CONCLUSION

In this paper, we presented a two-stages HMM-based cas
cade using particle-based tracking features as input ufor-a
matic scene activity modeling and anomaly detection inwide [6]
footage. The first HMM stage is used to classify particle-
based trajectories, while a second HDP-HMM stage is used

to identify the co-occurring trajectories and the tempoeal

lation between them, as well as to detect abnormal actvitie
Compared to features usually used in such context (optical
flow or inter-frames motion related features), our particle
based tracking features are resolution independent, attom [g]
ically filtered and do not require thresholds definition. We
demonstrated the robustness of our model for scene activity
recognition task on a road intersection scene. We also show
that our model is able to perform on the fly abnormal events

detection (by identifying activities or relations that daot ffit

in the usual/discovered ones), with ecnouraging resulis: C
rent experiments are focused on the validation of the prexgbos
model for less structured type of CCTV footage (videos o
metro). As perspectives, adding a measure at the first stage
of the cascade would allow to compute different abnormality

level, especially on single trajectories themselves. T¥eeaf
features not directly related to object motion (e.g. backgd

subtraction outputs) would also be interesting to cope with
temporal behaviors including static stage (e.g. cars pp

at traffic light, or people standing by) or features like spee [12]
would help to distinguish pedestrians and vehicles aativit

Last, strict comparison should be performed with [3], and is
[13] D.M. Blei, A.Y. Ng, and M.I. Jordan, “Latent dirichlet

planned with [1].

1Detected clips with no salient anomaly are labeled “unirstimg”.
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