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II. PROJECT DESCRIPTION 

A. Overview and Signi icance

This project develops video analytics for maintaining airport and perimeter security. Our objectives include 
real-time suspicious activity detection, seamless tracking of individuals across sparse multi-camera networks 
and the forensic search of individuals and activities in years of archived data. 
Surveillance networks are becoming increasingly effective in the public and private sector. Generally, use 
of these surveillance networks falls into a real-time or forensic capacity. For real-time use, the activities of 
interest are known a-priori and the challenge is to detect those activities as they occur in the video; whereas 
for forensic use, the data is archived until a user decides on an activity to search for. Forensic use calls for a 
method of content-based retrieval in large video corpuses, based on user-de ined queries.
The signi icance of a real-time activity monitoring effort to the Department of Homeland Security (DHS) is 
that these methods will enable the real-time detection of suspicious activities and entities throughout an 
airport by seamlessly tagging and tracking objects. Suspicious activities include suspicious baggage drops, 
suspicious behavior and abandoning objects. 
The signi icance of the forensic search capability is that it will allow for an autonomous search that matches 
user de ined activity queries in years of compressed data. These include detecting incidents such as a bag-
gage drop, etc., as well as inding all precursors of an incident, such as who met with this target/person. To 
put this into perspective, Boston Logan International Airport (BOS) currently has the capability to store ~1 
month’s data and much of the forensics requires signi icant human involvement. Current approaches are not 
scalable given the ever-increasing deployment of cameras.
We will describe ongoing efforts on both real-time monitoring and forensic search in more detail below. In 
general, identifying relevant information for tracking across multiple cameras with non-overlapping views is 
challenging. This is dif icult given the wide range of variations, ranging from the traditional pose, illumination 
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and scale issues to spatio-temporal variations of a scene itself. We propose to develop robust techniques for a 
variety of environments including unstructured, highly cluttered and occluded scenarios. A signi icant focus 
of the project is the development of robust features. An important consideration is that the selected features 
should not only be informative and easy to extract from the raw video but should also be invariant to pose, 
illumination and scale variations. Traditional approaches have employed photometric properties. However, 
these features are sensitive either to pose, illumination and scale variations or are sensitive to clutter. More-
over, they do not help capture the essential patterns of activity in the ield of view. Consequently, they are not 
suf iciently informative for generalization within a multi-camera framework.

A.1. Real-time activity monitoring

Real-time activity monitoring requires both short-term and long-term surveillance. Short-term threat detec-
tion involves detection of baggage drops, abandoned objects and other types of sudden unusual behaviors. On 
the other hand, long-term monitoring could involve identifying, tagging and tracking individuals associated 
with short-term threats in order to determine precursors such as who met these targets etc. Ongoing efforts 
include suspicious activity detection coupled with person re-identi ication (re-id) to ensure multi-camera 
tagging and tracking of individuals across camera networks.

A.2. Forensics

It is worth touching upon the different characteristics of the forensic and real-time problem sets. In both 
problems, given the ubiquity of video surveillance, it is a fair assumption that the video to be searched grows 
linearly with time and will stream in consistently. This mandates an ability to detect a predetermined activity 
in data as quickly as it streams in, for the real-time model. In the forensic model, this massive data require-
ment means that (1) whatever representation is archived is computable as quickly as the data streams in and 
(2) the search process scales sub-linearly with the size of the data corpus. Failure to ful ill the irst require-
ment and the system will fall behind. Failure to ful ill the second and a user will have to wait too long for his 
results when searching a large dataset. 

B. State-of-the-Art and Technical Approach

B.1. Activity monitoring in real-time: person re-id

B.1.a. Related work

While re-id has received signi icant interest [1, 9 and 10], much of this effort can be viewed as methods that 
seek to classify each probe image into one of a gallery of images. Broadly, re-id literature can be categorized 
into two themes, with one focusing on cleverly designing local features [6, 11-25], and the other focusing 
on metric learning [26-38]. Typically, local feature design aims to ind a re-id speci ic representation based 
on some properties among the data in re-id, e.g. symmetry and centralization of pedestrians in images [13], 
color correspondences in images from different cameras [24 and 23], spatial-temporal information in re-id 
videos/sequences [12 and 14], discriminative image representation [6, 11 and 17] and viewpoint invari-
ance prior [25]. Unlike these approaches, that attempt to match local features, our method attempts to learn 
changes in appearance or features to account for visual ambiguity and spatial distortion. On the other hand, 
metric learning aims to learn a better similarity measure using, for instance, transfer learning [29], dictio-
nary learning [30], distance learning/comparison [31, 33 and 34], similarity learning [35], dimension reduc-
tion [36], template matching [37] and active learning [38]. In contrast to metric learning approaches, that 
attempt to ind a metric such that features from positively associated pairs are close in distance, our learning 
algorithm learns similarity functions for imputing similarity between features that naturally undergo ap-
pearance changes.
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B.1.b. Technical approach

Many surveillance systems require the autonomous long-term behavior monitoring of pedestrians within 
a large camera network. One of the key issues in this task is re-id, which deals with how to maintain enti-
ties of individuals as they traverse through diverse locations that are surveilled by different cameras with 
non-overlapping camera views. Re-id presents several challenges. From a vision perspective, camera views 
are non-overlapping and so conventional tracking methods are not helpful. Variation in appearance between 
the two camera views is so signi icant, due to the arbitrary change in view angles, poses, illumination and 
calibration, that features seen in one camera are often missing in the other. Low resolution of images for re-id 
makes biometrics based approaches often unreliable [1]. Globally, the issue is that only a subset of individu-
als identi ied in one camera (location) may appear in the other. 
We propose PRISM: Person Re-Identi ication via Structured Matching. PRISM is a weighted bipartite match-
ing method that simultaneously identi ies potential matches between individuals viewed in two different 
cameras. Figure 1a illustrates re-id with two camera views, where the 4 images labeled by green form the 
so-called probe set and the 4 entities labeled by red form the so-called gallery set. 

Graph matching requires edge weights, which correspond to similarity between entities viewed from two dif-
ferent cameras. We learn to estimate edge weights from training instances of manually labeled image pairs. 
We formulate the problem as an instance of a structured learning [2] problem. While structured learning 
has been employed for matching text documents, re-id poses new challenges. Edge weights are obtained as 
a weighted linear combination of basis functions. For texts, these basis functions encode shared or related 
words or patterns (which are assumed to be known a priori) between text documents. The weights for the 
basis functions are learned from training data. In this way, during testing, edge weights are scored based on 
a weighted combination of related words. In contrast, visual words (i.e. vector representations of appearance 
information, similar to the words in texts) are suffering from well-known visual ambiguity and spatial distor-
tion. This issue is further compounded in the re-id problem, where visual words exhibit signi icant variations 
in appearance due to changes in pose, illumination, etc.
To handle the visual ambiguity and spatial distortion in re-id, we propose new basis functions based on 
co-occurrence of different visual words. We then estimate weights for different co-occurrences from their 
statistics in training data. While co-occurrence based statistics has been used in some other works [3 and 5], 
ours has a different purpose. We are largely motivated by the observation that the co-occurrence patterns 

Figure 1: (a) Illustration of re-id, where the colors red and green label the images from two diff erent camera views and 

arrows indicate entity matches. (b) Illustration of the weighted bipartite graph matching problem for (a), where each 

row denotes a camera view, each node denotes a person entity, diff erent colors denote diff erent entities and the edges 

are weighted by 0 or 1, indicating missing matches or same entities. Each entity per view can be associated with single/

multiple images or even video snippets.
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of visual code words behave similarly for images from different views. In other words, the transformation of 
target appearances can be statistically inferred through these co-occurrence patterns. We observe that some 
regions are distributed similarly in images from different views and robustly in the presence of large cross-
view variations. These regions provide important discriminant co-occurrence patterns for matching image 
pairs. For instance, statistically speaking, ``white’’ color in one camera can change to ``light blue’’ in another 
camera. However, ``light blue’’ rarely changes to ``black.’’ 
We leverage and build on our work [6] on a novel visual word co-occurrence model to capture such import-
ant patterns between images. There, we irst encode images with a suf iciently large codebook to account 
for different visual patterns. Pixels are then matched into code words or visual words. The resulting spatial 
distribution for each codeword is embedded to a kernel space through kernel means embedding [7] with la-
tent-variable conditional densities [8] as kernels. The fact that we incorporate the spatial distribution of code 
words into appearance models provides us with locality sensitive co-occurrence measures. Our approach 
can also be interpreted as a means to transfer the information (e.g. pose, illumination and appearance) in the 
image pairs to a common latent space for meaningful comparison. 
In this perspective appearance, change corresponds to the transformation of a visual word viewed in one 
camera into another visual word in another camera. Particularly, our method does not assume any smooth 
appearance transformation across different cameras. Instead, our method learns the visual word co-occur-
rence patterns statistically in different camera views to predict the identities of persons. The structured 
learning problem in our method is to determine important co-occurrences while being robust to noisy co-oc-
currences.
To illustrate the basic mathematics involved in our approach, we are given N probe entities (Camera 1) that 
are to be matched to M gallery entities (Camera 2). Figure 2 depicts a scenario where entities may be asso-
ciated with a single image (single-shot), multiple images (multi-shot) and is unmatched to any other entity 
in the probe/gallery. Existing methods could fail here for the reason that entities are matched independently 
based on pairwise similarities between the probes and galleries, leading to the possibility of matching multi-
ple probes to the same entity in the gallery. Our approach, based on structured matching, is a framework that 
can address some of these issues. 

      (a)                 (b)
Figure 2: Overview of our method, PRISM, consisting of two levels where (a) entity-level structured matching is im-

posed on top of (b) image-level visual word deformable matching. In (a), each color represents an entity and this exam-

ple illustrates the general situation for re-id, including single shot, multi-shot and no match scenarios. In (b), the idea of 

visual word co-occurrence for measuring image similarities is illustrated in a probabilistic way, where y1 and y2 denote 

the person entities, u1; u2; v1; v2 denote diff erent visual words and h1; h2 denote two locations.
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To build intuition into our method, consider yij as a binary variable denoting whether or not there is a match 
between ith probe entity and the jth gallery entity. Denote sij as their similarity score. Our goal is to predict 
the structure, y, by seeking a maximum bipartite matching:

           (1)

where Y could be the sub-collection of bipartite graphs accounting for different types of constraints. For in-
stance, it would account for the relaxed constraint to identify at most ri potential matches from the gallery set 
for probe i, and at most gj potential matches from the probe set for gallery j. Hopefully the correct matches 
are among them.
Equation 1 needs a similarity score sij for every pair of probe i and gallery j, which is a priori unknown and 
could be arbitrary. Therefore, we seek similarity models that can be learned from training data based on min-
imizing some loss function. Structured learning [2] formalizes loss functions for learning similarity models 
that are consistent with testing goals as in Equation 1. To map it into this setting, we denote probes and gal-
lery images as documents. These documents are a collection of visual words that are obtained using K-means 
(see [6] and the Phase 2, Year 1 ALERT annual report). We propose similarity models based on cross-view 
visual word co-occurrence patterns to learn similarity weights. 
Our key insight is that aspects of appearance that are transformed in predictable ways, due to the static cam-
era view angles, can be statistically inferred through pairwise co-occurrence of visual words. In this way, we 
allow the same visual concepts to be mapped into different visual words and account for visual ambiguity. 
We present a probabilistic approach to motivate our similarity model in Figure 2b. We let the similarity sij be 
equal to the probability that two entities are identical,

where Ii
(1), Ij

(2) denote two images from camera view 1 (left) and 2 (right), respectively, u,v denote the visual 
words for view 1 and view 2 and h denotes the shared spatial locations.
Following along the lines of the text-document setting, we can analogously let wuv=p(yij=1| u,v) denote the 
likelihood (or importance) of co-occurrence of the two visual words among matched documents. This term 
is data-independent and learned from training instances. The term p(u, v | h, Ii

(1), Ij
(2)) must be empirically es-

timated and is a measure of the frequency with which two visual words co-occur after accounting for spatial 
proximity. To handle spatial distortion of visual words, we allow the visual words to be deformable, similar 
to deformable part model [18]. 
In summary, our similarity model handles both visual ambiguity (through co-occurring visual words) and 
spatial distortion simultaneously. We learn parameters, wuv, of our similarity model along with analogous 
structured loss functions that penalize deviations of predicted graph structures from ground-truth annotated 
graph structures.

B.1.c. Results

We start by interpreting our learned model parameters. A typical learned co-occurrence matrix is shown 
in Figure 3 on the next page, with 30 visual words per camera view. Recall that wuv = p(yij=1| u,v) denotes 
how likely two images come from the same person according to the visual word pairs and our spatial kernel 

(2)
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returns non-negatives, indicating the spatial distances between visual word pairs in two images from two 
camera views. As we see in Figure 3, by comparing the associated learned weights, “white” color in camera 
A is likely to be transferred into “light-blue” color (with higher positive weight) but very unlikely to be trans-
ferred into “black” color (with lower negative weight) in camera B. Therefore, when comparing two images 
from camera A and B, if within the same local regions the “white” and “light-blue” visual word pair from the 
two images occurs, it will contribute to identifying the same person; on the other hand, if “white” and “black” 
co-occur within the same local regions in the images, it will contribute to identifying different persons.

B.1.d. Experiments and comparison with the state of the art

Table 1 on the next page lists our comparison results on the three datasets, where the numbers are the 
matching rates over different ranks on the CMC curves. Overall, fusion methods achieve better performance 
than those (including ours) using single type of features, which is very reasonable, but our method is always 
comparable. 
At rank-1, our performance in terms of matching rate is 9.2% on VIPeR and 1.4% on CUHK01, lower than 
[57]. Using single types of features on VIPeR, ``Mid-level ilters+LADF’’ from [36] is the current best method, 
which utilizes more discriminative mid-level ilters as features with a powerful classi ier; ``SCNCD inal(ImgF)’’ 
from [37] is the second, which utilized only foreground features. Our results are comparable to both of them. 
However, PRISM always outperforms their original methods signi icantly when either the powerful classi ier 
or the foreground information is not used. On CUHK01 and iLIDS-VID, PRISM performs the best. At rank-1, it 
outperforms our previous work [6] and [36] by 8.0% and 11.8%, respectively. Compared with our previous 
work (see [6] and the Phase 2, Year 1 ALERT annual report), our improvement here mainly comes from the 
structured matching in testing by precluding the matches that are probably wrong (i.e. reducing the feasible 
solution space).

Figure 3: The interpretation of our learned model parameter. The enclosed regions denote the pixels encoded by the 

same visual words, as used in Figure 2. The learned weight for the visual word pair “white” and “light-blue” from the two 

camera views has a positive value, contributing to identifying the same person. On the other hand, the learned weight 

for the visual word pair “white” and “black” is negative, which contributes to identifying diff erent persons.
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B.2. Forensics

B.2.a. Related work 

All approaches to video-based exploration aim to serve the same purpose: to reduce a video to the sections 
which are relevant to the user’s interest.  The simplest form of this is video summarization, which focuses on 
broad expectations of what interests a user. Videos, which have scene transitions and sparse motion, are good 
candidates for these broad expectations; scene transitions are interesting, and absence of motion tends to 
be uninteresting.  Recent approaches [52 and 53] divide the video into ‘’shots’’ and summarize based on the 
absence of motion. More complex models of human interest rely on input from the user to denote activities, 

Table 1: R4-A.2 comparison results on the three datasets, where the numbers are the matching rates over diff erent 

ranks on the CMC curves.
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which matter to the user. In real-time problems, approaches based on previously-speci ied exemplar videos 
are extremely popular. Most approaches try to construct a common feature representation for the exemplar 
videos corresponding to each topic [42, 46 and 50].  Others try to learn hidden variables, such as rules (e.g. 
traf ic lights, left-turn-lanes and building entries), which govern behaviors in the training videos. These rules 
and behaviors are called ‘topics’ and common topic modeling techniques include Hidden Markov Models 
(HMMs) [49 and 45], Bayesian networks [56], context free grammars [54] and other graphical models [47, 
51 and 55]. Most of these approaches are primarily employed in a real-time context; models are de ined be-
fore the archive data begins streaming in and are detected as the data streams in.  This is necessary because 
training complex models from exemplar video is time-consuming. Likewise, the features that are used [42 
and 50] are memory-intensive and often over complete. Many of these techniques [47 and 49] also rely on 
tracking, which can be dif icult to perform on large datasets given obscuration, poor resolution and changes 
in lighting conditions. Once a model has been created for activities or topics, the classi ication state can be 
used to retrieve these patterns [45].
Forensics poses fundamental technical challenges, including:  
• Data lifetime: Since video is constantly streamed, there is a perpetual renewal of video data. This calls for 

a model that can be updated incrementally as video data is made available. The model must be capable of 
substantial compression for ef icient storage. Our goal is to leverage the relatively stationary background 
and exploit dynamically changing traf ic patterns to realize 1000X compression.

• Unpredictable queries: The nature of queries depends on the ield of view of the camera, the scene, the 
type of events being observed and the user’s preferences. The system should support queries that can 
retrieve both recurrent events, such as people entering a store, as well as infrequent events, such as aban-
doned objects or aimless lingering.

• Unpredictable event duration: Within semantically equivalent events, there is signi icant variation. Events 
start anytime, vary in length and overlap with other events. The system is nonetheless expected to return 
complete events regardless of their duration and whether or not other events occur simultaneously.

• Clutter: Events in real surveillance videos rarely happen in isolation. Videos have a vast array of activities, 
so the majority of a video tends to be comprised of activities unrelated to any given search.  This “needle 
in a haystack” quality differentiates exploratory search from a many standard image and video classi i-
cation problems. 

• Occlusions: Parts of events are frequently occluded or do not occur. Trees, buildings and other people 
often get in the way and make parts of events unobservable.

The challenges of search can be summarized as big data, unknown query when the data arrives, numerous 
false alarms and poor data quality. To tackle these challenges, we utilize a three-step process that generates 
a graphical representation of an activity, downsamples the video to the potentially relevant data and then 
reasons intelligently over that data.  This process is shown in Figure 4 on the next page. 
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Due to data magnitude, the irst step of any approach to a large-scale video search has to be an ef icient stor-
age mechanism for the raw video data. To this end, we de ine a broad feature vocabulary that is extracted 
in real time as data streams in. For raw video, we extract activity, object size, color, persistence and motion. 
Given a tracker, we also identify object types, such as people and vehicles. To facilitate O (1) recovery of these 
features, we store discrete features in hash tables and continuous-valued features in fuzzy hash tables using 
Locality Sensitive Hashing (LSH) [44]. 
This step addresses a number of the aforementioned challenges. Data reduction is achieved because feature 
locations are stored, rather than feature or raw pixel values.  The imprecision of the features, as well as the 
quantization via fuzzy hashing, serves to mitigate the noisiness of the data. Finally, because of the hash table 
structure, features can be extracted at a ixed cost, which allows us to construct a set of potentially relevant 
features if we can identify which bins in the hash table correspond to a given query.
Next, we acquire a query from a user. Most video search approaches rely on exemplar videos to detect a given 
activity. In the context of large-scale video search for complex actions, this becomes dif icult to do; complex 
activities require a great number of clean examples to learn models from. These models are frequently hard 
to come by.
Instead, we leverage the fact that our features are simple and semantically meaningful and provide the user 
with a Graphical User Interface (GUI) to build his own query in the form of a graph. This graph takes the form 
of a series of features (nodes) and relationships (edges) between those features that he expects to ind in the 
video. The relationships come from a separate vocabulary; common examples include spatial and temporal 
[43] relationships. However, not all relationships need to be as structured or simplistic; given a matching 
engine which compares feature pro iles of identi ied people, ‘likely the same’ could be a relationship as well.
These features and relationships comprise the query graph, Gq=(Vq,Eq), a graphical representation of the 
query of interest (see Fig. 5 on the next page). Given this graph, our goal in the second step of our approach 
is to ind the features and relationship in the archive data. The archive data can also represented as a graph, 
Gc=(Vc,Ec), albeit a large one. Our task is to ind a subgraph with maximum similarity to the query graph. We 
de ine a distance metric from the ideal query graph to a given set of features in the archive, which encom-
passes missing elements (deletions) as well as displaced elements (distortions). Computing an approximate 
subgraph isomorphism is NP-complete and thus computationally infeasible. Our approach is to solve this 
problem using a novel random sample-tree auction algorithm, which solves a series of dynamic programming 
problems to rank candidate matches in descending order of similarity.

Figure 4: From streaming video, local features for each document are computed and inserted into a fuzzy, lightweight 

index. A user inputs a query and partial matches (features which are close to parts of the query) are inserted into a 

dynamic programming (DP) algorithm. The algorithm extracts the set of video segments which matches the query.
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We solve for matching function M: Vq  Vc, where M is a one-to-one function. As exact computation of an op-
timal subgraph matching is known to be NP-hard, we instead select a spanning tree Qt of the graph to search 
for and solve a tree-matching problem via dynamic programming (DP).  

B.2.b. Tree selection and search 

Because this is a search problem, the spanning tree selected has signi icant run-time implications. Because 
the search is iterative, starting at the root and moving down, placing discriminative nodes and edges near 
the top of the trees pays continuous dividends throughout the search. To this end, we select Qt to minimize 
the total number of look-ups. Given a tree Qt and a breadth- irst ordering of the nodes v0, v1, … , vi with V0 
being the root we de ine scores S(v), and S(v1,v2) for vertices and edges, respectively, these scores denote 
the percentage of the archive which matches vertex v or edge (v1,v2). This problem can be formulated as an 
All-Source Acyclic Longest Path problem, which is NP-hard to solve precisely. However, we have found that, in 
practice, random sampling is highly likely to yield a near-optimal tree.

B.2.c. Experiments and comparisons

We explored the VIRAT 2.0 street surveillance dataset from building-mounted cameras. This is a popular 
surveillance dataset containing 35 GB of video and represented in a graph of 200,000 nodes and 1 million 
edges. These are relatively standard 2 megapixel surveillance cameras acquiring image frames at 30 frames 
per second. Because of the smaller ield of view, there are far more pixels on target, enabling basic object 
recognition to be performed. As such, we de ine A to include object type (e.g. person, vehicle and bag) as well 
as the attributes. The VIRAT ground dataset contains 315 different videos covering 11 scenes rather than a 
single large video covering one scene.
We demonstrate run-time of our approach in Table 2 on the next page. This demonstrates the futility of 
solving a large-scale graph search problem without performing intelligent reduction irst. It should not be 
surprising that an algorithm which must explore all |Vq|-sized subsets of the data will take a long time to 
run on a large dataset. More relevant is how long it takes us to compute the tree-selection approach (MDST) 
and downsample the data to the relevant subset. We observe that this is less than a second with pre-hashed 
relationships (all examples except meetings) and 80 seconds when we do not have pre-hashed relationships. 
When we do not have hashed relationships, our algorithm must compute pair-wise relationships, which is 
expensive to do even when the data is signi icantly reduced. 

Figure 5: Graphical representation of an object deposit event.
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C. Major Contributions

We have made signi icant progress in re-id. In particular, we have proposed a new structured matching ap-
proach. The irst key aspect of this approach is that, in contrast to existing methods that match each indi-
vidual independently in other cameras, our machine learning algorithms incorporate the insight that two 
people cannot be at two different places at the same time. This insight is enforced both in training as well the 
testing phases. A second contribution of our approach is that we model for appearance changes. Speci ically, 
we incorporate the fact that aspects of appearance can be transformed in predictable ways, due to the static 
camera view angles. These appearance changes can be statistically inferred through pairwise co-occurrence 
of visual words. These two aspects are key factors in signi icantly improving the accuracy of our results. To 
summarize our contributions:
• We have proposed a new structured matching method to simultaneously identify matches across multi-

ple cameras.
• Our framework can seamlessly deal with both single-shot and multi-shot scenarios in a uni ied frame-

work.
• We account for signi icant changes in appearance through the design of new basis functions, which are 

based on visual word co-occurrences.
• We outperform the state of the art signi icantly on several benchmark datasets, with good computational 

ef iciency in testing. 
We have begun to explore the forensic theme by leveraging ongoing parallel efforts funded by the Depart-
ment of Defense (DOD)/the National Geospatial-Intelligence Agency (NGA). 
The key aspect of our approach is based on ef icient retrieval approach for activity detection in large surveil-
lance video datasets based on semantic graph queries. Unlike conventional approaches, our method does not 
require knowledge of the activity classes contained in the video. Instead, we propose a user-centric approach 
that models queries through the creation of sparse semantic graphs based on attributes and discriminative 
relationships. We then pose search as a ranked subgraph matching problem and leverage the fact that the 
attributes and relationships in the query have different levels of discriminability to ilter out bad matches. In 
summary our contributions include:
• A user-centric approach to model acquisition through the creation of sparse semantic graphs based on 

attributes and discriminative relationships. Rather than perfectly model every aspect of an activity, we 
provide a user with a series of simple semantic concepts and arrange them in a graph. 

• We use this query in a sub-graph matching approach to identifying activity; this allows our algorithm 
to effectively ignore confusing events and clutter that happen before, after and during the activity of in-
terest. This graphical representation also makes the approach relatively agnostic to the duration of the 
event, allowing it to detect events that take place over several minutes.

Table 2: Run-time of our approach.
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D. Milestones

Some of our accomplishments over the last year are:
• 1 paper presented at a top computer vision conference (2 conference papers in review and 2 journal pa-

pers in review) and development of a software library.
• 2 Ph.D. and 1 M.S. student are currently working on this project. 1 MS student graduated and is working 

at MIT Lincoln Labs. 1 former post-doctoral candidate is currently working as a research scientist at the 
Broad Institute (MIT). 

E. Future Plans

E.1. Real-time activity monitoring

While we have made signi icant progress in the context of real-time activity monitoring, our efforts have, so 
far, primarily focused on re-id for the multi-camera tagging and tracking of individuals. While this is an im-
portant aspect of activity monitoring, the problem is much broader. Real-time activity monitoring requires 
both short-term and long-term surveillance. Short-term threat detection involves detection of baggage drops, 
abandoned objects and other types of sudden unusual behaviors. On the other hand long-term monitoring 
must also determine the cause of anomalous activities such as the people responsible for these activities, 
where they came from, who they met etc. Speci ically, we propose to develop algorithms that will identify 
unusual activities happening within a short duration and validate it through long-term tracking of individuals 
involved or associated with that activity both forwards and backwards in time. This requires a new approach 
that seamlessly integrates low-level outlier detection with semantic-level association of these outliers to 
threats. In this context, we will leverage our expertise in outlier detection and re-id algorithms. Nevertheless, 
the current state of art would have to be generalized signi icantly to apply to our setting. We propose two 
closely linked thrusts for real-time activity monitoring.

E.2. Real-time outlier detection

Conventionally, video analysis has been handled through an object-based approach wherein an object may 
irst be tagged, identi ied, classi ied and tracked before analysis. This paradigm is not scalable to complex 

urban environments. Our proposed approach is based on accumulating and aggregating statistical features 
observed at the pixel(s) level. We have begun to develop a new method that requires little processing power 
and memory, is robust to motion segmentation errors and general enough to monitor humans, cars or any 
other moving objects in uncluttered as well as highly cluttered scenes. Our proposed approach is a novel 
method for locally sensitive anomaly detection. Video anomalies are assumed to be temporally or spatially 
localized but otherwise unknown. We have developed a novel graph-based statistical notion that uni ies the 
idea of temporal and spatial locality. This notion lends itself to an elegant characterization of optimal decision 
rules and in turn suggests corresponding empirical rules based on local K-nearest neighbor distances. We 
compute scores for each data sample based on these local distances and declare data samples as containing 
local anomalies based on this score. We show that such rules not only asymptotically guarantee desired false 
alarm control but also are asymptotically optimal. 

E.3. Threat detection

Our outlier detection will be coupled with longer-term semantic threat discovery. In this context, we plan to 
leverage our multi-camera tag and track algorithms. One issue with our algorithm is that it is computationally 
expensive, requiring encoding features in a joint multi-camera space. An additional issue is that it current-
ly applies only to single-shot scenarios. Nevertheless, our framework generalizes to multi-shot and video 
scenarios as well, which we propose to develop in the future. We believe that this will result in a signi icant 
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improvement in accuracy. Improvement in accuracy is a fundamental requirement for long-term threat de-
tection. This is because, to overcome errors introduced in the tagging process, one usually creates multiple 
hypotheses. The number of hypotheses explodes combinatorially with time and checking each hypothesis 
becomes intractable. Consequently, our goal would be to improve accuracy through fusion of all available 
information about each individual. Speci ically, in this context we propose to:
• Extend of single shot re-id algorithms to multi-shot, video and large-scale camera networks.
• Focus on algorithm speed, robustness and transition-readiness.
• Extend re-id to new problem domains such as open world re-id in mass transit systems.

E.4. Forensic search

Our current forensic search algorithms have primarily been applied in outdoor settings. An immediate goal 
would be to develop forensic search capability for indoor settings, with particular emphasis on airport data-
sets. While the outdoor surveillance setting does have clutter, there is signi icantly more clutter in an airport 
setting, especially during peak hours. A second thrust we propose is to identify an interesting collection of 
queries. For instance, one goal would be to represent counter low as a graph and retrieve all activities in a 
corpus of stored video data. Another goal is to determine how our storage space scales with time. This is a 
critical factor for increasing the ``forensic horizon’’ from the current setting (about a month’s worth of data at 
BOS) to over years’ worth of data. On the technical side, we propose to develop new search algorithms based 
on Maximally Discriminative Spanning Trees (MDST). The goal of MDST is to leverage statistics of archive 
data stored in a compressed database to improve the search algorithm. The idea is to exploit the sparsity of 
novel elements and calculate an optimal combination of elements to maximally reduce the archive data.

III. RELEVANCE AND TRANSITION

A. Relevance of Research to the DHS Enterprise

Thousands of unmanned cameras at DHS locations (airports, transit stations, border crossings). These can 
exploited to enable re-id and enhanced security. 

B. Potential for Transition

• We are developing real-time tag and track algorithms (re-id) for deployment at Cleveland Hopkins Inter-
national Airport (CLE). These algorithms can also be used to enhance safety in mass-transit scenarios. 
Working closely with RPI/NEU to develop reliable systems.

• Forensic technology is multi-use, i.e. can be used by DHS, NGA or other DOD agencies. 
• Interest has been expressed by BOS Massport for transition. Other airports and mass transit locations are 

possible.

C. Data and/or IP Acquisition Strategy

We are planning on submitting a patent disclosure for forensic search capability through BU patenting of ice.

D. Transition Pathway 

• CLE: deployment of Tag & Track system.
• Forensics: None as of yet at DHS but approached by NGA for a potential proof of concept proposal via 

their NGA University Research Initiative (NURI) program. 
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E. Customer Connections

• Re-id: Real-time Tag & Track, Transportation Security Administration (TSA) at CLE and BOS.
• Forensic Search: Currently talking to companies, including TSA at BOS and Progeny Systems.

IV, PROJECT DOCUMENTATION 

A. Peer Reviewed Journal/Conference Articles 

Pending- 
1. Z. Zhang, V. Saligrama, Person Re-ID based on Structured Prediction, IEEE Transactions on Pattern 

Analysis and Machine Intelligence, under review T-PAMI. 
2. G. Castanon, M. Gharib, V. Saligrama, P. Jodoin, Retrieval in Long Surveillance Videos using User De-

scribed Motion & Object Attributes, IEEE CSVT, inal round of review.

B. Peer Reviewed Conference Proceedings

1. Z. Zhang, Y. Chen, V. Saligrama, A Novel Visual Word Co-occurrence Model for Person Re-identi ica-
tion, ECCV Workshop 2014, September 6-7, 2014.

C. Software Developed

1. Suspicious Activity Detection (MATLAB)
2. Person Re-ID (C++) Implemented on NEU – DDS platform
3. Forensic Search Algorithm (MATLAB)

V. REFE RENCES

[1] R. Vezzani, D. Baltieri, and R. Cucchiara, “People reidentifi cation in surveillance and forensics: A 
survey,” ACM Comput. Surv., vol. 46, no. 2, pp. 29:1–29:37, Dec. 2013.

[2] B. Taskar, V. Chatalbashev, D. Koller, and C. Guestrin, “Learning structured prediction models: A 
large margin approach,” in ICML, 2005, pp. 896–903.

[3] P. Banerjee and R. Nevatia, “Learning neighborhood co-occurrence statistics of sparse features for 
human activity recognition,” in AVSS, 2011, pp. 212–217.

[4] C. Galleguillos, A. Rabinovich, and S. Belongie, “Object categorization using co-occurrence, loca-
tion and appearance,” in CVPR, June 2008.

[5] L. Ladicky, C. Russell, P. Kohli, and P. H. S. Torr, “Graph cut based inference with co-occurrence 
statistics,” in ECCV, 2010, pp. 239– 253.

[6] Z. Zhang, Y. Chen, and V. Saligrama, “A novel visual word co-occurrence model for person re-iden-
tifi cation,” in ECCV 2014 Workshops, vol. 8927, 2015, pp. 122–133.

[7] A. J. Smola, A. Gretton, L. Song, and B. Schölkopf, “A hilbert space embedding for distributions,” 
in ALT, 2007.

[8] T. Jebara, R. Kondor, and A. Howard, “Probability product kernels,” JMLR, vol. 5, pp. 819–844, Dec. 
2004.

[9] G. Doretto, T. Sebastian, P. Tu, and J. Rittscher, “Appearance-based person reidentifi cation in camera 
networks: problem overview and current approaches,” Journal of Ambient Intelligence and Human-

ALERT 
Phase 2 Year 2 Annual Report

Appendix A: Project Reports 
Thrust R4: Video Analytics & Signature Analysis 

Project R4-A.2



ized Computing, vol. 2, no. 2, pp. 127–151, 2011.
[10] X. Wang and R. Zhao, “Person re-identifi cation: System design and evaluation overview,” in Person 

Re-Identifi cation, 2014, pp. 351–370.
[11] S. Bak, E. Corvee, F. Bremond, and M. Thonnat, “Multiple-shot human re-identifi cation by mean 

riemannian covariance grid,” in AVSS, 2011, pp. 179–184.
[12] M. Bauml and R. Stiefelhagen, “Evaluation of local features for person re-identifi cation in image 

sequences,” in AVSS, 2011, pp. 291– 296.
[13] M. Farenzena, L. Bazzani, A. Perina, V. Murino, and M. Cristani, “Person re-identifi cation by sym-

metry-driven accumulation of local features,” in CVPR, 2010, pp. 2360–2367.
[14] N. Gheissari, T. B. Sebastian, and R. Hartley, “Person reidentifi cation using spatiotemporal appear-

ance,” in CVPR, vol. 2, 2006, pp. 1528–1535.
[15] D. Gray and H. Tao, “Viewpoint invariant pedestrian recognition with an ensemble of localized fea-

tures,” in ECCV, 2008, pp. 262–275.
[16] C. Liu, S. Gong, C. C. Loy, and X. Lin, “Person re-identifi cation: What features are important?” in 

ECCV Workshops, vol. 7583, 2012, pp. 391–401.
[17] B. Ma, Y. Su, and F. Jurie, “Bicov: a novel image representation for person re-identifi cation and face 

verifi cation,” in BMVC, 2012.
[18] V.-H. Nguyen, K. Nguyen, D.-D. Le, D. A. Duong, and S. Satoh, “Person re-identifi cation using de-

formable part models,” in ICONIP, 2013, pp. 616–623.
[19] S. Pedagadi, J. Orwell, S. Velastin, and B. Boghossian, “Local fi sher discriminant analysis for pedes-

trian re-identifi cation,” in CVPR, 2013, pp. 3318–3325.
[20] B. Prosser, W.-S. Zheng, S. Gong, T. Xiang, and Q. Mary, “Person re-identifi cation by support vector 

ranking.” in BMVC, vol. 1, no. 3, 2010.
[21] R. Zhao, W. Ouyang, and X. Wang, “Person re-identifi cation by salience matching,” in ICCV, 2013.
[22] R. Zhao, W. Ouyang, and X. Wang, “Unsupervised salience learning for person re-identifi cation,” in 

CVPR, 2013, pp. 3586–3593.
[23] L. Zheng, S. Wang, L. Tian, F. He, Z. Liu, and Q. Tian, “Query adaptive late fusion for image search 

and person re-identifi cation,” in CVPR, 2015.
[24] M. Dikmen, E. Akbas, T. S. Huang, and N. Ahuja, “Pedestrian recognition with a learned metric,” in 

ACCV, 2011, pp. 501–512.
[25] O. Javed, K. Shafi que, Z. Rasheed, and M. Shah, “Modeling inter-camera space-time and appearance 

relationships for tracking across non-overlapping views,” CVIU, vol. 109, no. 2, pp. 146–162, Feb. 
2008.

[26] W. Li, R. Zhao, and X. Wang, “Human reidentifi cation with transferred metric learning,” in ACCV, 
2012, pp. 31–44.

[27] X. Liu, M. Song, D. Tao, X. Zhou, C. Chen, and J. Bu, “Semi-supervised coupled dictionary learning 
for person re-identifi cation,” in CVPR, 2014.

[28] A. Mignon and F. Jurie, “PCCA: a new approach for distance learning from sparse pairwise con-
straints,” in CVPR, 2012, pp. 2666– 2672.

[29] F. Porikli, “Inter-camera color calibration by correlation model function,” in ICIP, vol. 2, 2003, pp. 
II–133.

[30] W.-S. Zheng, S. Gong, and T. Xiang, “Person re-identifi cation by probabilistic relative distance com-
parison,” in CVPR, 2011, pp. 649–656.

[31] W. Zheng, S. Gong, and T. Xiang, “Re-identifi cation by relative distance comparison,” TPAMI, vol. 
35, no. 3, pp. 653–668, 2013.

ALERT 
Phase 2 Year 2 Annual Report

Appendix A: Project Reports 
Thrust R4: Video Analytics & Signature Analysis 

Project R4-A.2



[32] D. Chen, Z. Yuan, G. Hua, N. Zheng, and J. Wang, “Similarity learning on an explicit polynomial 
kernel feature map for person re-identifi cation.” CVPR, 2015.

[33] S. Liao, Y. Hu, and S. Z. Li, “Joint dimension reduction and metric learning for person re-identifi ca-
tion,” arXiv preprintarXiv:1406.4216, 2014.

[34] Y. Xu, L. Lin, W.-S. Zheng, and X. Liu, “Human re-identifi cation by matching compositional tem-
plate with cluster sampling,” in ICCV, 2013.

[35] C. Liu, C. C. Loy, S. Gong, and G. Wang, “Pop: Person reidentifi cation post-rank optimisation,” in 
ICCV, 2013.

[36] R. Zhao, W. Ouyang, and X. Wang, “Learning mid-level fi lters for person re-identifi cation,” in CVPR, 
2014, pp. 144–151.

[37] Y. Yang, J. Yang, J. Yan, S. Liao, D. Yi, and S. Z. Li, “Salient color names for person re-identifi ca-
tion,” in ECCV, 2014.

[38] Y. Wu, M. Mukunoki, and M. Minoh, “Locality-constrained collaboratively regularized nearest 
points for multiple-shot person re-identifi cation,” in Proc. of The 20th Korea-Japan Joint Workshop 
on Frontiers of Computer Vision (FCV), 2014.

[39] L. Bazzani, M. Cristani, A. Perina, and V. Murino, “Multiple-shot person re-identifi cation by chro-
matic and epitomic analyses,” Pattern Recogn. Lett., vol. 33, no. 7, pp. 898–903, May 2012.

[40] S. Gong, M. Cristani, C. C. Loy, and T. M. Hospedales, “The re-identifi cation challenge,” in Person 
Re-Identifi cation, 2014, pp. 1–20.

[41] G. Castanon and A. Caron. Exploratory search of long surveillance videos. Proceedings of the 20th 
ACM Multi-Media, 2012.

[42] P. Dollár and V. Rabaud. Behavior recognition via sparse spatio-temporal features. Visual Surveil-
lance and . . . , 2005.

[43] J. F. A. Ferguson and G. Actions and events in interval temporal logic. Journal of Logic and Compu-
tation, 4(5):531–579, 1994.

[44] A. Gionis, P. Indyk, and R. Motwani. Similarity search in high dimensions via hashing. In Proc. Int. 
Conf. on Very Large Data Bases, pages 518–529, 1999.

[45] D. Kuettel, M. Breitenstein, L. Gool, and V. Ferrari. What’s going on? discovering spatio-temporal 
dependencies in dynamic scenes. In Proc. IEEE Conf. Computer Vision Pattern Recognition, pages 
1951–1958, 2010.

[46] I. Laptev and M. Marszalek. Learning realistic human actions from movies. Computer Vision, 2008.
[47] G. Medioni, I. Cohen, F. Bremond, S. Hongeng, and R. Nevatia. Event detection and analysis from 

video streams. IEEE Trans. Pattern Anal. Machine Intell., 23(8):873–889, 2001.
[48] S. Oh, A. Hoogs, and A. Perera. A large-scale benchmark dataset for event recognition in surveillance 

video. Computer Vision, (2), 2011.
[49] I. Pruteanu-Malinici and L. Carin. Infi nite hidden markov models for unusual-event detection in vid-

eo. IEEE Trans. Image Process., 17(5):811–821, 2008.
[50] M. S. Ryoo and J. K. Aggarwal. Spatio-temporal relationship match: Video structure comparison for 

recognition of complex human activities. 2009 IEEE 12th International Conference on Computer 
Vision, (Iccv):1593–1600, Sept. 2009.

[51] C. Simon, J. Meessen, and C. DeVleeschouwer. Visual event recognition using decision trees. Multi-
media Tools and Applications, 2009.

[52] J. Sivic and A. Zisserman. Video Google: A text retrieval approach to object matching in videos. In 
Proc. IEEE Int. Conf. Computer Vision, volume 2, pages 1470–1477, 2003.

[53] X. Song and G. Fan. Joint key-frame extraction and object segmentation for content-based video 

ALERT 
Phase 2 Year 2 Annual Report

Appendix A: Project Reports 
Thrust R4: Video Analytics & Signature Analysis 

Project R4-A.2



analysis. IEEE Trans. Circuits Syst. Video Technol., 16(7):904–914, 2006.
[54] H. Veeraraghavan, N. Papanikolopoulos, and P. Schrater. Learning dynamic event descriptions in 

image sequences. In Proc. IEEE Conf. Computer Vision Pattern Recognition, pages 1–6, 2007.
[55] X. Wang, X. Ma, and E.Grimson. Unsupervised activity perception in crowded and complicated 

scenes using hierarchical bayesian models. IEEE Trans. Pattern Anal. Machine Intell., 31(3):539–
555, 2009.

[56] T. Xiang and S. Gong. Video behavior profi ling for anomaly detection. IEEE Trans. Pattern Anal. 
Machine Intell., 30(5):893–908, 2008.

[57] S. Paisitkriangkrai, C. Shen, and A. van den Hengel, “Learning to rank in person re-identifi cation 
with metric ensembles,” ArXiv eprints, Mar. 2015

ALERT 
Phase 2 Year 2 Annual Report

Appendix A: Project Reports 
Thrust R4: Video Analytics & Signature Analysis 

Project R4-A.2



This page intentionally left blank.




