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Abstract—A new multi-target tracking algorithm is proposed for in crowds. It leverages different types of group structure simultaneously to improve tracking of individuals. New types of group structure can easily be incorporated into the algorithm as they are discovered. Also a new group detection algorithm is proposed which complements existing detections of group structure.
Keywords—
Introduction 
Intelligent crowd surveillance is a field of great practical potential but very challenging problems. Automating systems with high throughput will provide more benefits for the cost than automating systems with low throughput; however, for problems in the field of computer vision, this same high throughput is associated with much more difficult problems requiring very complicated solutions, mostly due to occlusion. For example, crowd tracking and counting have many applications for safety and security, especially at public venues such as sports games, festivals, concerts, or public transportation terminals. There is a great deal of academic and funding interest in solving these problems in light of the many crowd disasters which have occurred in recent years [10][11][12][13]. There are many possible strategies for crowd tracking and analysis. We propose an expansion upon previous methods by using multiple types of group structure to improve multi-target tracking in crowds. The algorithm is similar in structure to [3], but it is greatly modified in order to generalize further. We also propose a new group detection algorithm for use in our method.
Related Work
Both crowd analysis and multi-person tracking have received ample attention in recent years. [1] uses optical flow to analyze the type of motion of crowds. [2] tracks crowds by using patches and keypoint tracking. One popular strategy for analyzing crowd motion is identifying and leveraging mid-level groups. There are several different algorithms which have been described to leverage group structure for tracking individuals [3][7][8]. These algorithms are all dependent on how effective the group detection is and how effective group structure is at predicting individual and crowd motion. Algorithms similar to these can easily be derived from new group structures as group detection methods improve. Group detection algorithms don’t simply improve over their predecessors, however. As new group detection algorithms are discovered, they often address entirely new definitions for what a group is. For example, [5] groups individuals into ‘social groups,’ whereas [9] groups members of a crowd by cohesive motion. Our proposal for a new group detection algorithm aims to add yet a new dimension of grouping, and our proposed tracking framework aims to leverage the variety of types of groups.
Approach
The multi-target tracking algorithm proposed in this paper expands on the algorithm described by [3]. The algorithm described by [3] uses SPOT [4] both on individual groups and on the inter-group structure to improve tracking. The groups are detected through the agglomerative clustering method described in [5].  Our proposal is to use multiple different methods to detect group structures and then to use each of the group structures in tandem to improve tracking of individuals in a crowded scene. Using multiple group types allows for the algorithm to use different types of structure in crowds to improve tracking. The group detection algorithm in [5] detects groups by analyzing the entire trajectory of individuals, with the implication that group labels are entirely static. It also enforces a certain density of ‘near’ edges between members of a group. These traits of the algorithm allow it to be useful for identifying ‘social groups,’ but they also prevent the algorithm from being easily modified to deal with groups of any other type. In light of this, we also propose a new grouping algorithm derived from analyzing motion patterns of the scene in order to identify ‘behavioral groups’ as opposed to ‘social groups.’ Also, though the motion of individuals within a group is relatively similar and therefore a good candidate for tracking with SPOT, the relative motion of human groups in a crowd are not as unified. Appropriately the scores associated with the deformation of edges connecting groups is modified to prefer uniform relative motion rather than uniform relative position. 
Details of Method
SPOT
Our proposed algorithm builds on the SPOT algorithm. The SPOT algorithm is simple. Given a set of initial bounding boxes, the algorithm first constructs a minimum spanning tree to connect the bounding boxes. The structure of this tree remains constant throughout the rest of the frames. At each frame, simply maximize the following equation:
         (1)
The first term is the structured SVMs which use passive-aggressive parameter updating for tracking each object. The second term are the edge deformations for each connection in the tree. λi here is a hyperparameter. The maximization of this equation takes O(n) time in the number of objects because of an optimization using dynamic programming and a distance transform. The dynamic programming framework leverages the tree structure of the graph connecting the objects to be tracked. When the edge lengths are updated each frame, they are updated using an exponential forgetfulness factor.
Extensions to SPOT
Our proposed algorithm is described very similarly, but now with edges between groups as well as between objects within groups: 

(2)
A group’s position can be calculated as the average position of all its members. For the third term, gij is the edge distance between groups i and j. When gij is updated, it is updated to gij + vij. Then vij is updated using an exponential forgetfulness factor instead. In [3] the first term includes an SVM to act on each of the objects and an SVM to act on each of the groups. Because the group structures which our algorithm tries to leverage are not necessarily static as the social groups are, we choose to not include an SVM to act on each group. The multiple types of groups will cause the total configuration to not be a tree structure anymore, but a similar dynamic programming scheme will still optimize the method. However, the method will probably be slower than O(n). 
Because the group detection process is essentially independent from the multi-target tracking process, as different useful group detection algorithms are discovered, they can be substituted into this method trivially.
Social Grouping
The social grouping algorithm in [5] enforces an unrealistic number of ‘near’ edges between members of a group. The number of edges needed in a group grows as n2, where n is the number of members in the group. Because edges may only be formed between individuals who are closer to each other than a certain threshold value for a certain threshold number of frames, this growth implies that the spatial density of members in a group must increase as the number of members in the group increases. Intuitively, if a larger group of people were standing with the same density as just a few who were standing together, they should have similar chances of being identified into one group. For this reason, we modified the algorithm. The modified algorithm identifies individuals as being ‘near in space’ if they are within a distance threshold for a certain number of frames, and identifies them as being ‘near in velocity’ if they are within a velocity distance threshold for a certain number of frames. In this way there are two different sets of edges. The velocity edges [image: ]
[bookmark: _GoBack]Fig. 1. Graphical depiction of the configuration. Blue boxes represent individuals.
are held to the same restriction as the original algorithm, but for spatial edges the algorithm simply requires that there is at least one edge between individuals or groups to be joined together. The modified algorithm performs very similarly to the unmodified one on most data sets, but in a few examples it groups sparser individuals together. 
Behavioral Grouping
We propose a method for identifying ‘behavioral groups’ as opposed to ‘social groups.’ After discovering motion patterns as in [6], segments of trajectories are matched to motion patterns to which they are similar. Then, when multiple individuals are in segments of their trajectories which are associated with the same motion pattern at the same time, they are grouped together. This grouping method should be more dynamic than the social grouping method, allowing for groups to merge and split. Because the grouping method is dynamic, the tree structure for tracking needs to be updated as group affiliation changes. This new grouping algorithm leverages common previous motion in order to help track current motion. In scenes that contain regions of quite constrained motion, this method can leverage that structure.
Conclusion
We have proposed a framework for incorporating multiple different paradigms for group structure to multiple-target tracking in a crowd. The purpose of this framework is to emphasize the different group structures and the flavor of information that each contains. We have also proposed a new group detection method specifically for use alongside other group detection methods in our framework. The group detection method focuses on common motion in a certain region of the scene and therefore gives information about local collective behavior.
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