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Discovering Emergent Behaviors from Tracks Using Hierarchical Non-parametric Bayesian Methods

In video-surveillance, non-parametric Bayesian approaches based on a Hierarchical Dirichlet Process (HDP) have recently shown their efficiency for modeling crowed scene activities. This paper follows this track by proposing a method for detecting and clustering emergent behaviors across different captures made of numerous unconstrained trajectories. Most HDP applications for crowed scenes (e.g. traffic, pedestrians) are based on flow motion features. In contrast, we propose to tackle the problem by using full individual trajectories. Furthermore, our proposed approach relies on a three-level clustering hierarchical Dirichlet process able with a minimum a priori to hierarchically retrieve behaviors at increasing semantical levels: activity atoms, activities and behaviors. We chose to validate our approach on ant trajectories simulated by a Multi-Agent System (MAS) using an ant colony foraging model. The experimentation results have shown the ability of our approach to discover different emergent behaviors at different scales, which could be associated to observable events such as "forging" or "deploying" for instance.

I. INTRODUCTION

There is an increasing demand in automated visual surveillance systems. In recent years, mining activities from crowded scenes (e.g. traffic, pedestrians) have become an active research topic. The insect and animal behavior community is also following the track with closely related issues. Recovering and modeling the evolution of an insect colony activity opens interesting perspectives for biologists. For instance, current studies focus on environmental monitoring applications based on behavioral information of bio-indicator species (e.g. honeybees [START_REF] Lambert | Bees, honey and pollen as sentinels for lead environmental contamination[END_REF]). Studying the activity of an insect colony is a different problem compared to studying human activity, in terms of speed, number and the chaotic motion of the targets. Contrary to crowded scenes frequently used in video-surveillance such as traffic or pedestrian scenes, trajectories generated by an insect colony are naturally less limited by environmental constraints (e.g. walls, corridors, roads, circulation rules), and sometimes even do not follow any perceptible trends.

The recent growth of RGB-D cameras offers new possibilities for recovering individual 3D tracks from insect colonies or swarms ( [START_REF] Chiron | Detecting and tracking honeybees in 3D at the beehive entrance using stereo vision[END_REF], [START_REF] Straw | Multicamera real-time three-dimensional tracking of multiple flying animals[END_REF], [START_REF] Theriault | Reconstruction and analysis of 3D trajectories of Brazilian free-tailed bats in flight[END_REF]). At a global level, we consider the complete chain made of the following steps: acquisition, segmentation, tracking, and behavior analysis. This paper essentially focuses on the last step by proposing an approach for discovering emergent behaviors from a massive number of unconstrained trajectories. The purpose of our work is to model behaviors with a minimum a priori on the model. Non-parametric Bayesian approaches based on a Hierarchical Dirichlet Process (HDP) have recently shown the efficiency of modeling crowed scene activities. Most HDP applications for crowed scenes are based on flow motion features (see Section II). In contrast, we propose to tackle the problem by working on individual full trajectories (sequence of points).

Our proposed approach works from trajectory datasets computed from videos. A dataset is structured into captures and subclips. Using a multi-layer clustering HDP, notable events are detected at different semantic levels. Then, captures and subclips are labeled with the most representative events relatively to its level. Our model is made of the three following semantic levels (detailed further): behavior, activity, and activity atoms. Similar concepts have been presented in [START_REF] Wang | Unsupervised activity perception in crowded and complicated scenes using hierarchical bayesian models[END_REF] with the Dual-HDP, and in [START_REF] Wulsin | A hierarchical Dirichlet process model with multiple levels of clustering for human EEG seizure modeling[END_REF] with the MLC-HDP but for a medical application.

Despite the existing approaches for recovering insect tracks, to our knowledge no ground truth is available at the scale of behaviors. Therefore, we chose to validate our approach with ant trajectories simulated by a Multi-Agent System (MAS) using an ant colony foraging model, which has the advantage compared to other simulation methods, to provide trajectories which does not follow any direct parametric model. The modeling approach based on the MLC-HDP and the validation methods are illustrated by Figure 1. The code that associates colored circles and squares to behaviors and activities respectively will be kept for the rest of the paper. In summary, this paper presents an original approach using a minimum a priori for discovering emergent behaviors from a structured trajectory dataset, leading to the three following contributions:

• The use of a three-layered HDP to discover emergent behaviors. As far as we know, similar approaches related to activity modeling are using a maximum of two 2 layers.

• The use of features extracted from individual trajectories, rather than flow motion based features commonly used for crowded scenes.

• The original validation by a MAS simulation, indirectly providing the semantic ground truth associated to the dataset. This paper is organized as follows. First, Section II details the background and related work in the domain of modeling activity and behavior. Section III introduces the method based on MLC-HDP, and details the features extracted from trajectories. Then, Section IV validates our method using simulated ant trajectories. Finally, Section V concludes our work and opens promising perspectives for modeling insect activity and behavior.

II. BACKGROUND AND RELATED WORK

According to the nature of the dataset, and the level of observation needed, different approaches have been proposed in the literature for modeling activities and behaviors.

A first approach, largely studied in the insect and animal behavior community, focuses on individual tracks. It consists in modeling the behaviors of each individual target based on local trajectory features. Then, more or less advanced clustering or classification methods are used in order to recognize behaviors. For example, in [START_REF] Feldman | Representing honey bee behavior for recognition using human trainable models[END_REF], 2D honeybee trajectories were classified using a Hidden Markov Model (HMM). In [START_REF] Beyan | Detection of abnormal fish trajectories using a clustering based hierarchical classifier[END_REF] a clustering based hierarchical classifier is used to separate fish trajectories in a normal and abnormal class. Some methods ( [START_REF] Veeraraghavan | Shape-andbehavior encoded tracking of bee dances[END_REF] and [START_REF] Campbell | Video monitoring of honey bee colonies at the hive entrance[END_REF]) even join behavior analysis to the tracking in order to improve its efficiency.

A second approach is oriented on mass (or swarm) activity modeling. In general, due to the nature of crowded scenes, the analysis of the activity relies on optical flow motion features. For example, in [START_REF] Mehran | Abnormal crowd behavior detection using social force model[END_REF] a bag of word classifier is used to detect and localize abnormal crowd activities relying on sparse optical flow features. In [START_REF] Andrade | Modelling crowd scenes for event detection[END_REF] a combined HMM and spectral clustering are used for detecting abnormal crowd scenarios. In [START_REF] Kratz | Anomaly detection in extremely crowded scenes using spatio-temporal motion pattern models[END_REF] the overall behavior of the scene is characterized by modeling the motion variation of local space-time volumes and their spatialtemporal statistical behaviors.

However, the domain of colony (or swarm) activity modeling of has not been much less explored in the insect and animal behavior community. Indeed, due to the small, fast and chaotic nature of the targets, classical approaches based on optical flow motion features have been discarded. But recently, papers such as [START_REF] Theriault | Reconstruction and analysis of 3D trajectories of Brazilian free-tailed bats in flight[END_REF], [START_REF] Kimura | A new approach for the simultaneous tracking of multiple honeybees for analysis of hive behavior[END_REF], and [START_REF] Chiron | Detecting and tracking honeybees in 3D at the beehive entrance using stereo vision[END_REF] propose massive multiple target tracking methods for insects, and open interesting perspectives in term of activity modeling.

Hierarchical Bayesian models provide an attractive solution for modeling chaotic activity. The Hierachical Dirichlet Process (HDP) originally introduced in [START_REF] Teh | Hierarchical Dirichlet processes[END_REF] is a non-parametric Bayesian approach for clustering a dataset on multiple levels and sharing information across a hierarchy. It has been widely used in the document community (documents/topics analysis). Recently HDP based approaches have shown their efficiency in clustering structured data in other domains. Briefly, the Dual-HDP presented in [START_REF] Wang | Unsupervised activity perception in crowded and complicated scenes using hierarchical bayesian models[END_REF] consists in cross-clustering atomic activities of sub-video clips extracted from a video in order to find co-occurring activities. Then, in the medical domain, in [START_REF] Wang | Tractography segmentation using a hierarchical Dirichlet processes mixture model[END_REF] tractographies (data closely similar to trajectories) are segmented using a HDP mixture model. Also, in [START_REF] Wulsin | A hierarchical Dirichlet process model with multiple levels of clustering for human EEG seizure modeling[END_REF], the multi-level clustering HDP method (another extension of HDP) is proposed for clustering for human electroencephalography seizure modeling at different levels.

III. PROPOSED APPROACH

This section details the proposed approach for discovering emergent behaviors from trajectories using a hierarchical nonparametric Bayesian method: the Hierarchical Multi-Layer Clustering Dirichlet Process (MLC-HDP). This section is organized in four parts. First, the structure of the dataset and the feature extraction are presented. Then, a reminder of the classic Dirichlet Process (DP) is made. And, finally the use of the MLC-HDP adapted to our problem is detailed.

A. Dataset Structure

The structure of the dataset used in our approach is as follows. We consider several videos capturing the same environment at different times using the same point of view. On those videos, a tracking method could be applied (e.g. [START_REF] Chiron | Detecting and tracking honeybees in 3D at the beehive entrance using stereo vision[END_REF]) to recover the target trajectories (sequence of points). The datasets used in Section IV are generated by a MAS, which bypass the tracking step. In the following we consider a capture as a temporal ordered set of trajectories. Every capture is segmented into subclips using a non-overlapping sliding window (e.g. 5 seconds). The size of the window should be big enough to ensure a sufficient number of trajectories in each subclip, but should also be small enough to avoid multiple distinct activities occurring during a unique subclip. Examples of activities are given later. Therefore the dataset is constituted of numerous trajectories structured into captures and subclips configured with a given granularity. Figure 2 illustrates an example of the structure of the dataset. 

B. Feature Extraction

The features extracted from trajectories constitute the base of the clustering mechanism. As an example, the authors of [START_REF] Beyan | Detection of abnormal fish trajectories using a clustering based hierarchical classifier[END_REF] represent fish trajectories by 179 features (originally 776 features extracted, then reduced by Principal Component Analysis (PCA)). Our approach is inspired from that work, namely by considering a mix of local and environmental related characteristics. In practice, living entity trajectories are chaotic and hardly follow distinguishable patterns. That explains the need of many features for representing a track, especially for long tracks. However, as we focus on detecting notable events rather than detecting abnormal trajectories among normal trajectories, a limited number of features is sufficient. For each trajectory, a vector made of the following features is extracted. It represents the trajectory by a point defined in R d . Finally, all vectors are normalized over each dimension individually.

Trajectory relative invariant features: The Centered Distance Function (CDF) mentioned in [START_REF] Bashir | View-invariant motion trajectory-based activity classification and recognition[END_REF] consists in computing the relative distance between all points of the track and the centroid, given for 2D trajectories by:

c(i) = (x(i) -x) 2 + (y(i) -ȳ) 2 (1) 
with i the trajectory point index. The 7 following features are extracted from the vector c: mean, standard deviation, min, max, skewness, kurtosis and number of mean crossings.

Environmental absolute features: Considering our 2D case, the scene space is split into a grid of n rows and m columns.

A feature set is made of n × m values (e.g. 6 × 6 = 36), corresponding to the time spent by the each target in the corresponding cell. A PCA is applied in order to reduce the number of dimensions while keeping at least 90% of the information.

C. Dirichlet Process

As defined in [START_REF] Wang | Tractography segmentation using a hierarchical Dirichlet processes mixture model[END_REF], the DP is used as a prior to sample probability measures. It is defined by a concentration parameter α, which is a positive scalar, and a base probability measure H. A probability measure G randomly drawn from Dirichlet process DP (α, H) is always a discrete distribution even if H is continuous. G = ∞ k=1 π k δ φ k which can be obtained from a stick-breaking construction. In the context of mixture models, a DP-distributed discrete random measure is used as a prior over the parameters of mixture components:

G ∼ DP (α, H) (2) θ i |G ∼ G (3) x i |θ i ∼ F (θ i ) (4) 
where {x i } are the observable variables to be modeled, θ i are the parameters of the mixture component that x i belong to (e.g. mean and unit variance of a Gaussian component), F represents the distribution of mixture components (e.g. Gaussian in a mixture of Gaussian).

D. Multi-Layer Clustering HDP

The MLC-HDP has originally been introduced in [6] for a medical application. We adapted this method to our trajectories/behavior modeling problem. Figure 3 illustrates the two incremental extensions (HDP [START_REF] Teh | Hierarchical Dirichlet processes[END_REF] and MLC-HDP) in addition to the classical DP. The classical DP is not able to share clusters across groups of data. The HDP provides clusters that are shared across the different groups of data. The MLC-HDP is additionally able to cluster data over multiple layers. Keeping only its bottom layer, the MLC-HDP is equivalent to the HDP.

As illustrated in Figure 1, our approach is constructed over the three following semantic levels, which are associated to different elements of the dataset structure. Examples of events are given relatively to our ant foraging model described in Section IV. As the dataset is ordered in time, it is possible to discern the semantic evolution at different time scales (between captures or subclips). Formally, we consider a dataset of T videos captured, with each capture t composed of J t subclips, with each subclip j composed of N ji trajectories signatures, which we call x tji ∈ R d , with d the feature space dimension. The observation {{{x tji } Ntj i=1 } Jt j=1 } T t=1 of every trajectory is modeled by a set of unique base-distribution atoms with prior measure H and parameter λ for an arbitrary distribution x tij ∼ F (θ tji ) where θ tji are the parameters of the model, which are equal to those of a unique base-level atom φ k . We consider F to be a multivariate Normal distribution with diagonal covariance. The three level MLC-HDP is defined as follows:

Level 1: Behavior

β (1) ∼ GEM (γ (1) )
π (1) ∼ DP (α (1) , β (1) )

z (1) t ∼ π (1)
Level 3: Activity atom 3) ∼ DP (α (3) , β (3) )

β (3) ∼ GEM (γ (3) ) π ( 
z (3) tji ∼ π (3) =z (2) tj
Level 2: Activity

β (2) ∼ GEM (γ (2) ) π (2) l ∼ DP (α (2) , β (2) ) z (2) tj ∼ π (2) l=z (1) t Trajectory feature φ k ∼ H(λ) x tij ∼ F (φ k=z (3) tji ) (5) 
with GEM as the Griffiths-Engen-McCloskey distribution.

The MLC-HDP hyper-parameters a priori γ and α are defined manually (or can be sampled from a Gamma law). The intensity parameter α regulates the number of spikes. More details on the MLC-HDP model can be found in [START_REF] Wulsin | A hierarchical Dirichlet process model with multiple levels of clustering for human EEG seizure modeling[END_REF].

In addition, the Figure 4 illustrates the inference mechanisms, which makes the link between the model and the dataset. Namely, the parameters of the model at different levels (set of weights π and β, and cluster membership indexes z) are refined by performing iterative sampling until the model is considered to fit enough the data. The parameters φ k = (µ k , σ k ) for each of the K activity atoms (or base atoms) are sampled according to the trajectory features data, with the particularity to always add an empty cluster (sampled from the prior H(λ)) when the last empty one has been associated to some data. 

IV. VALIDATION

In this section, we validate our approach by running the MLC-HDP on ant trajectories generated by a MAS. The advantage of validating our behavior modeling with a MAS is twofold. First, MAS models can generate emergent behaviors with a relatively low number of parameters. Different sets of these parameters lead to different behaviors. Second, simulated trajectories are not directly constraint by any trajectory model. The interesting point is that both sides (simulation and modeling) are used with a minimum a priori. The effect of the MAS parameters can be observed on the top behavior layer.

We chose a model that simulates the foraging of an ant colony (implementation given in [START_REF] Wilensky | Netlogo ants model. Center for connected learning and computer-based modeling[END_REF]). This model is driven by the following parameters: the environment (location of the nest and different food sources), the population, the Diffusion Rate (DR) and the Evaporation Rate (ER) of the pheromones secreted by the ants. Figure 5 illustrates the MAS simulation under four different configurations. The effect of the DR and EP parameters are clearly observable on the food pile graphs. The configuration A (low DR, average ER) and B (high DR, average ER) leads the ants to forage the food sources one by one. In opposite, in the configurations C (high DR, low ER) and D (high DR, high ER), food piles are foraged simultaneously, but at different efficiencies. Furthermore, we recognize on the Netlogo view that according to the configuration, more or less ants wander around without any purpose. MAS ant foraging model simulated under four configurations (A,B,C and D), each having a different set of parameters (DR and ER). Each configuration is illustrated by the Netlogo view at the 150th iteration (at the top), and a graphic of the food piles evolution (at the bottom). For each view, the center circle represents the nest, the left and top circles represent the food sources, the red spots represent the ants, and the green/white rainbow represents the intensity of the pheromones secreted by the ants.

The MAS model animates a fixed number of agents into a closed world. From those agents, trajectories are collected to build the dataset that validates our MLC-HDP based approach. During the simulation, each agent generates a varying number of trajectories. For each agent, a trajectory is considered between every couple of the following elements: the nest, any food sources, any border of the world. Whatever their situation (wandering, following pheromones), every agents finally always hit one of these elements, which leads to an average trajectories length of 77 points (1 point per time unit).

The couple "Netlogo view" and "food piles evolution graphs" constitutes our ground truth corresponding to the activity layer of MLC-HDP. Additionally, the MAS model parameters (ER and DR) give more information on the "Behavior" layer.

A. MLC-HDP on a Single Capture

This section illustrates the use of the MLC-HDP on a single capture. As this experiment concerns only one capture, the presented results correspond to the activity layer of the MLC-HDP (level 2). Results are shown in Figure 6. In this example, the following parameters have been used for the simulation: DD=75, ER=10, three food sources disposed at a slightly increasing distance around the nest. The food piles evolution graphic shows that the food sources have been foraged one by one. The simulation lasts 1500 iterations (or time units), and have been discretized into 31 subclips. Each subclip has been associated to one of the 10 distinct activities that have been found by the MLC-HDP. Those 10 activities are models according to 12 activity atoms given different weights. The less and the most represented activity atoms are associated to 49 and 253 trajectories respectively, among a total number of 1550 trajectories. As shown in Figure 6, most of activity changes can be associated to a real event that occurred in the simulation. We associated 7 interpretations to the activities found by the MLC-HDP (e.g. Foraging a food pile, Deploy after foraging). Some activities are uniquely represented (e.g. the 1st, 2nd and 16th from the left). According to the granularity of the dataset, notable events can be mixed and then give birth to a new activity.

B. MLC-HDP on Multiple Captures

This section illustrates the use of the MLC-HDP on multiple captures. In contrast to the single capture dataset used previously, the following results are focused essentially on the behavior layer of the MLC-HDP (level 1). Nevertheless the success of clustering at the top level of the HDP witnesses the good job of the lower levels. In this experiment, the four different behaviors previously illustrated in Figure 5 are tested. Each of the 4 behaviors are simulated 5 times, which corresponds to 20 captures. The environment (2 food sources) and the population (100 ants) parameters are kept stable for all the captures. So the dataset used is composed of 49882 trajectories split in 20 captures, with each capture segmented into 16 subclips. Figure 7 shows the clustering results (at the behavior and activity levels) for the simulated dataset. The twofold strength of the MLC-HDP is clear. First, it has found 4 main behavior categories. Second, it has correctly categorized 18 over 20 captures in adequacy with the model parameters. The wrong categorized captures could be explained by the randomness of the MAS simulation, which could sometimes lead to results at the edge of the category models found by the MLC-HDP. The activity level shows a sequence of activities, which represent the temporal evolution of the colony. It is interesting to notice that this temporal aspect is not taken in Fig. 6. Activities (clusters of activity atoms) found by the MLC-HDP for a single capture (at the bottom). Each square shows by its color the activity corresponding to the subclip associated. The dataset used in this experiment has been generated by the ant foraging MAS (with parameters DD=75, ER=10, 3 food sources), and is represented by the food piles evolution graph (at the top). This graph shows notable events (e.g. foraging begin/end). A matching between the notable events (in the food piles evolution graph) and the activity returned by the MLC-HDP is made on a time arrow (in the middle). account in our approach. For example the "Foraging piles one by one" behavior is unique regardless which pile is foraged first.

V. CONCLUSION

First, this paper has presented an original approach for discovering emergent behaviors from a structured trajectory dataset. To our knowledge, state-of-the-art HDP based methods related to activity modeling used at most two layers. We successfully adapted the MLC-HDP using three layers which was originally designed for clustering medical data (EEG signals) to our problem. Second, most of those existing approaches dealing with crowded scenes use motion flow features. We proposed an alternative based on full trajectories. Finally, we validated our approach using a ant foraging MAS simulation. The MAS and the MLC-HDP both answered our initial requirement of building an approach with models following a minimum a priori.

The results presented in Section IV have shown the ability of our approach to discover different emergent behaviors at different scales. The first experiment performed at the activity scale provided results in coherence with the food pile evolution graph, notable events were clearly explainable from a human point of view (e.g. foraging a pile). The second experimentation has demonstrated the ability of the MLC-HDP to approximate the number of behaviors and to classify satisfyingly the captures among these behaviors (e.g. foraging piles one by one) with a minimum a priori.

In terms of perspectives concerning the application, as mentioned in the introduction, the honeybee is a bio-indicator species and catches the interest of biologists. Our team is currently building up a honeybee trajectory dataset following the method detailed in [START_REF] Chiron | Detecting and tracking honeybees in 3D at the beehive entrance using stereo vision[END_REF]. It would be interesting to extract behavioral information using the proposed method. Concerning the methods, in the future we could consider to add a Hidden Markov Model at the top level to model the temporal transition between activities and behaviors. Similar approaches have proposed in [START_REF] Gao | Trajectory-based human activity recognition with hierarchical Dirichlet process hidden Markov models[END_REF]. Moreover, as we reach an high level of semantic, we could also consider to label the behavior (as they are limited in number), and used them to link the data to some ontological models.
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 1 Fig. 1. Behavioral modeling approach validated by a MAS simulated dataset. The MLC-HDP clusterises trajectories at increasing semantic levels from the "Activity atom" to the "Behavior" level. This allows to visualize the effect of the MAS parameters on the recovered behaviors. The parameters ER & DR are defined in Section IV.
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 2 Fig. 2. Example of structured dataset.

Level 1 -

 1 Behavior: A behavior is represented by a set of weights over all the activities. A behavior is associated to each capture. Example: One by one food pile foraging, No foraging. Level 2 -Activity: An activity is represented by a set of weights over all the activity atoms. An activity is associated to each subclip. Example: Foraging pile p, Deploy after foraging pile p. Level 3 -Activity atom: An activity atom is a cluster of similar trajectories regarding local features extracted from individual trajectories. Example: Group of ants walking in the same direction.
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 3 Fig. 3. Examples of clustering with DP, HDP and MLC-HDP over a simple structured dataset.

Fig. 4 .

 4 Fig. 4. Inference mechanism of the model parameters from the dataset. In descending order, the blue boxes show the structure of the trajectory dataset. In ascending order, the grey arrows represent the step by step modeling of the data until the behavior level.

Fig. 5 .

 5 Fig. 5.MAS ant foraging model simulated under four configurations (A,B,C and D), each having a different set of parameters (DR and ER). Each configuration is illustrated by the Netlogo view at the 150th iteration (at the top), and a graphic of the food piles evolution (at the bottom). For each view, the center circle represents the nest, the left and top circles represent the food sources, the red spots represent the ants, and the green/white rainbow represents the intensity of the pheromones secreted by the ants.

Fig. 7 .

 7 Fig. 7. Results of the MLC-HDP on 20 captures, each composed of up to 2000 ant tracks. Four sets of parameters are experienced, with each set of parameters (ER & DR) tested on 5 simulations to ensure the reliability. The color of the big circles on top of each capture represents the behavior corresponding to the capture (MLC-HDP lvl1). The smaller squares on top of each capture represent the activities corresponding to the subclips (MLC-HDP lvl2). The colored curves below represent for each subclip, the weights associated to the all the exiting activity atoms (MLC-HDP lvl3).
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