
  
 
 

  
 

 
Abstract 

 
 Analysis of activities in low-resolution videos or far 

fields is a research challenge which has not received much 
attention. In this application scenario, it is often the case 
that the motion of the objects in the scene is the only 
low-level information available, other features like shape 
or color being unreliable. Also, typical videos consist of 
interactions of multiple objects which pose a major vision 
challenge. This paper proposes a method to classify 
activities of multiple interacting objects in low-resolution 
video by modeling them through a set of novel 
discriminative features which rely only on the object tracks. 
The noisy tracks of multiple objects are transformed into a 
feature space that encapsulates the individual 
characteristics of the tracks, as well as their interactions. 
Based on this feature vector, we propose an energy 
minimization approach to optimally divide the object tracks 
and their relative distances into meaningful partitions, 
called “strings of motion-words”. Distances between 
activities can now be computed by comparing two strings. 
Complex activities can be broken up into strings and 
comparisons done separately for each object or for their 
interactions. We test the efficacy of our approach to search 
all the instances of a given query in multiple real-life video 
datasets.  
 

1. Introduction 
Activity recognition is one of the most interesting and 
complex problems in computer vision. Most activity 
recognition work has concentrated on analysis of simple 
activities (running, waving, jumping) in relatively high 
resolution video, by which we mean videos where the shape 
and appearance of the objects provides meaningful 
discriminating information. This is evidenced in standard 
datasets like KTH, Wiezman or IXMAS [12, 5, 19] and 
most of the well-known algorithms. A challenging domain 
of activity recognition that has received lesser attention is 
when the actions are in a far-field and the objects are of a 
low-resolution. In these cases, the appearance information 
is exceedingly unreliable and all that we have in terms of 
low-level features is a noisy track of each object. Also, 
typical videos in this domain consist of multiple interacting 
objects whose activities need to be modeled and recognized 

 
 
 
 

Figure 1: Some examples of low-resolution videos with 
some parts magnified. 
 

In this paper, we look at activities in low-resolution 
video, like the examples in Fig. 1. The goal is to work with 
the noisy tracks of the objects and recognize activities that 
are defined solely by the tracks. Examples include motions 
of cars and people on a ground plane as observed from the 
top of tall building or from the air. Many interesting 
activities in this scenario involve interactions between 
objects, e.g., people entering/exiting buildings, cars 
moving along specific paths, groups of people meeting, and 
so on. Our proposed method not only identifies the actions 
of each object separately, but is also capable of modeling 
and recognizing the interactions between multiple objects. 

1.1. Brief Overview of Proposed Method 
The core of the proposed method involves a 

transformation of the noisy tracks of the multiple objects 
into a motion feature space that encapsulates the individual 
characteristics of the tracks, as well as their interactions. 
Each individual track is represented by its gradients as a 
function of time. Each pair of tracks is represented by the 
relative distance between the components as a function of 
time. By considering multiple pairs, interactions between 
more than two objects can be modeled in an iterative 
manner. Thus each pair of tracks is now represented by a 
multi-dimensional feature vector that, at each time instant, 
consists of the gradients of each track and the distance 
between the tracks. We shall call this the GRD (gradient + 
relative distance) feature vector. These transformed motion 
features, which are a function of time, have the ability to 
capture the global characteristics of the motion of multiple 
objects. 
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Figure 2: A diagrammatic representation of the activity modeling and query classification approach. The “string of motion-words” 
is shown in black using double lines.  

Instances of a same activity could vary in realization due 
to the semantic nature of the definition of an activity. To 
come up with a common semantic grouping of activities 
based on the observed statistics calls for features which 
lead to least intra class variance. To this end, by analyzing 
the relative change in directions and distance, rather than 
the absolute position, invariance to affine transformations 
in the activity sequences being match is achieved. 

An additional challenge that we have to deal with is 
robustness to the tracking errors, which are bound to be 
present in low resolution video. Towards this goal, the 
feature vs. time plots are broken down into segments so that 
each segment constitutes a particular characteristic of the 
tracks. This will be achieved by clustering on gradient and 
relative distance in the GRD feature space. For example, 
the track of a car coming straight, taking a right turn and 
then again proceeding straight would ideally have three 
segments. This allows us to compensate for noise and 
ignore outliers in the tracking method. We will show how 
to automatically obtain these segments through an 
energy-minimization approach. Analogous to the 
bag-of-video-words approaches [7, 11], we can think of 
each cluster as a "word" in the feature space. However, the 
clusters (segments) have a strict time ordering since that is 
critical for motion analysis (this is unlike the bag of 
video-words approaches). Hence each feature time-series is 
now represented as a “string of motion-words” (SOMs), 
where “string” implies that the motion-words are tied 
together with a particular temporal ordering. This "string" 
representation is robust to scaling and rotation of the tracks 
on the ground plane, which is usually sufficient for far-field 
activities. 

Similarity between two activities can be computed by 

comparing their "strings". This would involve computing 
the similarity in the gradient space for each individual 
track, and the similarity of each pair in the relative distance 
space. To account for speed and scale variations, this 
distance computation will be done using Dynamic Time 
Warping (DTW) on the strings. The modeling and 
classification approaches are shown in Fig. 2. The proposed 
method will be evaluated for querying in video databases 
given a single query clip. The transformed motion features 
and string representations will allow us to compare 
different kinds of activities. For example, if there are two 
cars following each other in the query, we can retrieve 
separately examples from the database of cars following 
irrespective of their trajectory, as well as, examples where 
the following happens along a particular trajectory. 

1.2. Related Work 
A good amount of research has been done on activity 

recognition but most of it assumes high resolution data and 
cannot be extended to lower resolutions. A survey of some 
of the work on activity modeling and recognition clearly 
shows that most of the methods are tuned for high 
resolution data [5, 6, 7, 8, 9, 10, 13]. This is also apparent 
by analyzing some of the commonly used activity 
recognition datasets (e.g., Wiezman [5], KTH [12] and 
IXMAS [19]). The authors in [16] proposed a method for 
recognizing low-resolution activities by modeling the 
shape of the tracks of the objects. However, generalization 
of the approach is difficult since it relies on learning 
dynamical models to describe the interactions. Learning 
such models as the number of objects increases is 
impractical. The transformed motion features in our case 
will not require the identification of such models a-priori, 



  
 
 

  
 

while still allowing us to identify activities of individual 
objects and their interactions. The research in [3, 20] 
analyses low-resolution videos but requires periodicity be 
present in the motion.  

Availability of large training sets has been another 
assumption for developing activity recognition systems. 
Liu et al [7] propose learning of an optimized codebook for 
human action analysis. The research work in [4] extracts 
sparse spatio-temporal features which are used to perform 
matching across behaviors in video. The authors of [21] 
learn semantic visual vocabularies of actions by motion 
feature pruning based on spatial and temporal feature 
statistics. The use of multiple features for human action 
recognition is proposed in the work in [8] where seemingly 
heterogeneous features are embedded in a common graph. 
All these approaches assume existence of a large number of 
examples which is impractical for recognizing complex 
interactions, given the large number of possibilities. We 
look at how to retrieve activity clips given a single query 
from the user. 

There has been some work on activity recognition based 
on tracks obtained from the video under consideration 
Parameswaran et al [14] extend the cross-ratios for 
trajectories [15] in two and three dimensional spaces and 
successfully apply in the domain of human action 
recognition. This approach does not model the 
interactive/complex interactions as required in our problem 
domain. Rao el al [15] learn the spatio-temporal curvature 
based view-invariant features from the tracks of the hand of 
actors performing some action out of a predefined list of 
actions. Their approach also does not model 
complex/interactive activities between multiple objects. Ali 
et al [1] learn chaotic invariants from the tracks of body 
joints which are used to recognize human actions. In 
addition to the assumption of the tracks of each body joint, 
it is not easy to generalize their approach to model 
complex/interactive activities. 

1.3. Contributions 
The work presented in this paper advances the 

state-of-the-art by describing features which distinctly 
model far field activities at a fine level and are loosely 
coupled with the classification scheme. The latter ensures 
that the features can be used with a variety of classifiers 
rather than having to require specific analysis. Our system 
is robust to noisy tracks obtained by an automatic tracker 
and to the intra-class activity variations. We model the 
complex/interactive activities occurring in the scene in 
addition to the singleton activities to come up with a high 
level description of the scene. The introduction of “string of 
motion-words” allows us to obtain the GRD features from 
noisy tracks. 

2. Problem Formulation 
Consider that we have two video sequences. One of 

them, which we will call the video database (D), has tracks 
(possibly noisy) of P objects over its entire time period TD. 
The other sequence, which we call the video query (Q), has 
tracks of L objects, where L << P and the total time of the 
query sequence, TQ << TD. The methodology can be easily 
generalized to multiple query sequences, so for ease of 
explanation, we will consider only one sequence. Our 
problem is to find the parts in D that match Q. Note that the 
match may be only over a partial track in D.  

This is a situation where we have to look for certain 
kinds of activities in a database, with some examples being 
provided by the query. The query would typically have only 
a few objects (e.g., cars following, people entering a 
building, two people meeting, and so on), while the 
database would be much longer and consist of many objects 
and their activities. For example, a query could be of a car 
taking a particular turn, while the complete track of the car 
may consist of many other motions.  

Our proposed solution to this problem has the following 
parts: 

(i) Extraction of low-level features (GRD) from the 
tracks of Q and D. The features will be specific to a single 
track (gradients), as well as encode the relationships 
between pairs of tracks (relative distances). 

(ii) In this feature space, we will cluster the features 
temporally, where each cluster encodes some characteristic 
of the motion of the objects. These clusters can be thought 
of as "motion-words", and the entire track as a "string of 
motion-words". Note that the temporal ordering of these 
words is critical and the clustering allows us to deal with 
the noisy data. 

(iii) Then, we will match the "strings" from Q with those 
from D using dynamic time warping on sliding windows on 
the tracks in D. 

3. Motion Feature Extraction 
We consider the motion features for both the individual 

tracks and their interactions. Each individual track is 
represented by the relative angular orientation of its 
instantaneous gradients as a function of time. Each pair of 
tracks is represented by the relative distance between the 
components as a function of time. 

3.1. Temporal Angular Gradients (TAGs) for 
Single Tracks 

The tracks obtained are often noisy resulting from the 
poor quality of the video. Thus, a locally weighted moving 
average filter is applied to the noisy tracks to smooth out of 
the local outliers while maintaining the global motion 
pattern. This makes our system robust to noisy and broken 
tracks extracted automatically from the videos. 



  
 
 

  
 

The direction patterns in the motion of an object could be 
utilized to uniquely identify its activity. It is observed that 
the relative angular change of the instantaneous directions 
of an object is almost similar across different instances of 
the same activity and additionally it is invariant to affine 
transformations on the object plane (for far-field activities). 

The temporal angular gradients (TAGs) of directions 
from a trajectory of object j, jφ , are given by 

          { }11|))()1(cos(*22 −=−+−= TttdtdG j
        (1) 

where, ),arctan()( tt xytd =  is the instantaneous direction 
and G is the standard polar distance formula. Thus, TAG is 
the angular difference of the instantaneous directions using 
the polar distance formula. 

The TAGs are utilized to capture the singleton activity 
information in the motion pattern of an object’s track.  

3.2. Relative Distance Estimation 
The patterns in the relative distances with time plots are 
used to identify and classify interactive activities. The 
relative distance between tracks of two objects is calculated 
as the Euclidean distance at every time instance. 

The reason behind the uniqueness of this feature is fairly 
intuitive. For instance, in case of a person entering a 
building, the relative distance plot would decrease and 
eventually drop to zero. This pattern would be repeated in 
all instances of the “Entering” interactive activity 
regardless of the absolute location of the building and the 
approach direction of the person; that is to say, the pattern 
in the RD space is invariant to the intra-class variance due 
to the abstraction from the absolute positions of the person 
or the building. 

4. Strings of Motion-Words 
To represent activities with different characteristics in its 
different parts, we propose a “string of motion-words” 
representation. Consider the GRD vs. time plot for two 
interacting objects. This would constitute the TAG and 
relative distance vs. time plots, each of which can be broken 
down into segments having some similarity. The motion 
features of each segment can be quantized and represented 
as a code-word. We can think of this code-word as a 
“motion word”.  Therefore, each motion feature time-series 
is now represented as a "string of motion-words", where 
motion-words are tied together in a particular temporal 
ordering.  

4.1. Segmenting motion feature time-series 
The problem of segmenting motion feature time-series is 

equivalent to finding the optimal clusters of units such that 
the feature coherence of units falling in the same cluster is 
the maximum. Also, our cluster must obey some temporal 

constraint, i.e., the units falling in the same cluster must be 
continuous in time.  

This is achieved in a greedy bottom-up maximization 
approach by merging temporally adjacent pairs of 
partitions. The algorithm starts with pre-divided small 
units. We use }...,{ 21 nwwwW =  to denote the series of 
partitions, where the subscripts indicate the temporal order.  
The cumulative affinity of the neighboring partitions of the 
motion feature time-series is defined as: 
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where DTWd is the distance between two partitions using 
Dynamic Time Warping (DTW) algorithm, which allows 
for some variation in speed.   

Let 
jw and 

1+jw be the two candidate adjacent partitions 
to be merged, and they are merged into jŵ , with the energy 
after merging being

WE ˆ . At each step, we greedily merge 

the two adjacent partitions provided that
WE ˆ  is below a 

certain threshold. The steps of the algorithms are 
summarized as follows:  

1. Divide the motion feature time-series into small, 
uniformly spaced partitions. 

2. At each step, compute 
WE ˆ for all possible merging 

of adjacent pairs of partitions. 
3. Keep merging adjacent pairs until 

WE ˆ  becomes 
larger than a predefined threshold E.  The details 
of threshold selection are described in Section 6. 

Intuitively, the clustering is done based on the feature 
affinity of the temporally neighboring segments. The initial 
small partitions are combined into bigger ones until the 
minimum feature affinity between the partitions is high. As 
the algorithm proceeds, similar partitions combine to form 
a meaningful cluster.  

5. Classification by String Comparison 
Once each motion feature time-series can be represented 

by a “string of motion-words” (SOM), the similarity 
between the query video and the dataset can be computed 
by comparing their “strings”. This would involve 
computing the similarity in the Temporal Angular Gradient 
(TAG) space for each individual track, and the similarity of 
the each pair in the Relative Distance (RD) space.  

We consider both the cases of simple query and complex 
query.  If only one individual track or interaction between a 
pair of tracks is specified in the query video, we call it as a 
simple query. An example is to find a car making a right 
turn or two cars maintaining distance without bothering 
about their individual trajectories. If the query involves the 
motion of multiple individual objects and their interactions, 
or there are more than one query videos, we call the case as 



  
 
 

  
 

complex query.  In the above example, if we were 
concerned about cars following in a particular trajectory, 
that would be a complex query. In terms of our motion 
features, simple queries can be represented by either of the 
TAG or RD features, while complex queries will require 
their combination using the GRD (TAG, RD) features. 

The SOM is treated as a combination of two strings, one 
for the TAG and other for the RD plot. We first explain how 
to compute the distance between two strings for either the 
TAG or RD cases (i.e., for simple queries). We then explain 
how to compute distance for complex case that involves 
both TAGs and RDs. 

5.1. Simple Query 
Here we consider the case that there is only one 

interesting track (either in TAG space for individual object 
trajectory or in RD space for interaction between a pair of 
objects) specified by the user in the query video. We denote 
the SOM of the specified track as QS . In the dataset, we are 
only interested in the tracks which lie in the same space of 
specified query track, e.g., if the query track is the 
trajectory of an individual object which lies in TAG space, 
then we only look at the individual trajectories in dataset, 
and similarly for interaction between objects. We denote 
the SOMs of these tracks in dataset as i

DS , where i = 1,2...P, 
where P is the total numbers of SOMs in dataset for a 
specific type (TAG or RD). 

To match the “string” of the query video with that of the 
dataset, we use hypothesis testing based on two-class 
nearest neighbor classification.  

We define the length of the string, Ls, to be the number 
of “motion-words” in the string. We assume mSLs Q =)( , 
and nmnSLs i

D <<= ,)( . We divide i
DS  into overlapping 

substrings with length m, i.e., the first substring is 
composed of 1st to mth word, the second substring is 
composed of 2nd to (m+1)th word and so on. The distance of 

QS  with each substring i
DsubS is defined as: 

     ∑
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where DTWd is the DTW distance, and j
Dsub

j
Q ww ,  are the jth 

words in QS  and i
DsubS  respectively. The distance 

computation is done using Dynamic Time Warping (DTW) 
on the words to account for speed variations. If 

),( i
DsubQ SSDis  is less than a predefined decision threshold  

then this substring will be classified into the class 
“similar to query”, otherwise, it will be classified into 
“dissimilar to query”.  

5.2. Complex Query 
The action characteristic of an object may consist of both 

its own moving trajectory and its interaction with other 
objects. Therefore, we specify the complex query problem 
as searching for pairs of tracks in dataset which match pairs 
of tracks giving by the query video. When we say two pairs 
of tracks match, it means than both the individual 
trajectories and their interactions match. By exhaustively 
comparing all possible pairs, we can understand the 
interactions of more than two objects.  

Consider a query video (Q) has tracks of L objects and 
the tracks are denoted as L

QQQ RRR ,, 21 . We could obtain NQ 
pairs of tracks where there is an interaction existing within 
each pair. We take the order of objects in a pair into 
account, i.e. pair ),(, j

Q
i
Q

ji
Q RRA =  and pair ),(, i

Q
j

Q
ij

Q RRA =  
are different; therefore

2PN L
Q ≤ . Similarly, we could obtain 

ND pairs of tracks from the dataset, which has tracks of P 
objects.  Different from what is done for query video, for 
each pair of tracks in the dataset, we do not differentiate the 
pairs according to the order of its elements; that is to say, 
pair ),(, j

D
i
D

ji
D RRA =  and pair ),(, i

D
j

D
ij

D RRA =  are the same, 
so we have 2CN P

D ≤ . 
Giving a pair ),(, jiji RRA = , we could obtain three SOMs 

from it, two for the two individual tracks in TAG space, i.e., 

Figure 3:  Illustration of proposed complex query algorithm.
Three sliding windows on the database strings are shown in
different colors. The length of these windows is the same as the
length of the query string. 1 indicates that the single-query
classifier returns a result that the string in the database is similar
to the query string, and 0 indicates they are dissimilar. Once the
single-query results on all the strings from the TAG and RD
spaces are obtained, we get chains of 1 and 0 as shown above. The
maximum time period for a matching link in the chain (i.e., a 1 in
the chain) is now considered as a time window. In this time
window, if we get at least one “similar” single-query output on
each chain, then the portion of the pair of tracks in this window is
classified into class “similar to query”. 

τ D



  
 
 

  
 

Figure 4: Representative frames for (a) Construction Site 
Dataset (b) Parking Lot Dataset. 

)( ii RSOMS =  and )( jj RSOMS = , and one for their 
interaction in RD space, i.e., ),(, jiji RRSOMS = . Now the 
problem of comparing nm

DA ,  with ji
QA ,  becomes comparing 

][ ,nm
D

n
D

m
D SSS  with ][ , ji

Q
j

Q
i
Q SSS . By comparing m

DS with 
i
QS , n

DS with j
QS , and nm

DS , with ji
QS , respectively using 

the method described in Section 5.1, we will get three 
chains of single-query classifier returns. 1 indicates that the 
string in the database is similar to the query string, and 0 
indicates they are dissimilar. Once the single-query results 
on all the strings from the TAG and RD spaces are 
obtained, we get chains of 1 and 0. The maximum time 
period for a matching link in the chain (i.e., a 1 in the chain) 
is now considered as a time window. In this time window, if 
we get at least one “similar” single-query output on each 
chain, then the portion of the pair of tracks in this window is 
classified into class “similar to query”. The process is 
illustrated in Fig. 3. 

Scalability: The system is also scalable to handle a 
complex query constituting of more than two agents. To 
achieve this, similarity among pair-wise SOMs are 
calculated for all the possible pairing of objects in the 
motion space across the video. A video segment is 
identified as matching the query when the SOMs in the 
query match the SOMs in the segment for all the pairs. Note 
that we assume a user will define what he/she wants to be 
matched in the query. 

This framework advances the bag of video-words model 
by imposing a temporal ordering for the codewords of each 
activity and having the acuity to model activities involving 
multiple entities across the video space. This SOM 
framework is easily generalized to high resolution videos 
by incorporating other features with the GRD feature 
vector. This is ongoing work. 

6. Experimental Results 
Database: To the best of author's knowledge, there is no 

publicly available dataset for activity recognition in low 
resolution. In order to test our system, we compiled a 
database encompassing a broad spectrum of challenging 
low-level activities. This dataset comprises of three real 
world scenarios i.e. recordings of a vast construction site, 
the aerial videos used for DARPA's Video Verification of 
Identities project (VIVID) [18] and a number of small clips 
of various atomic interactions between humans and cars in 
a parking lot. Excluding VIVID, the data was extracted 
from YouTube videos recorded by amateurs in a relatively 
unconstrained environment. In all the data, the camera is far 
from the ground plane where the activities were occurring.   

For the construction site dataset, the activities spanned a 
period of nine minutes. Refer to Fig. 4 (a) for the 
representative frames of the construction site database. 
Some of the interesting activities at the construction site 
include (but are not limited to) people entering a building 

while walking together, vehicles turning together and 
stopping, etc. We found this resulting data to be highly 
challenging in part due to the elevated complexity, induced 
as a result of complex coupling between various activities 
and the shear large number of simultaneous activities going 
on, all happening in a totally unconstrained environment.  

The DARPA’s VIVID dataset was specifically 
developed for low-resolution moving target detection, 
tracking and activity analysis. For our paper, we work with 
approximately 10 minutes of dataset video which 
specifically deals with the range of activities targeted in this 
research.  

We also included in our experiments YouTube-extracted 
short time-period clips of approximately one minute length 
which capture atomic low-level activities between different 
vehicles and humans in a parking lot. This dataset 
comprises of a number of complex and atomic activities 
usually encountered at a parking lot for instance, people 
roaming (searching for their vehicle), entering vehicle, 
vehicles roaming around in the lot, making turns etc. The 
relatively short length of the clips of this dataset deems it 
ideal to be used as a query sequence to gauge the 
performance of retrieval framework. Fig. 4 (b) displays 
representative frames of this dataset. Thus our total 
database was for about 20 minutes. 

Similarity Computation: Firstly, we demonstrate the 
uniqueness of the proposed features for efficient 
classification in form of the similarity matrix for various 
interactive activities (Fig. 5). Here the numeric value 
between two activities represents the average of distances 
of all instances of the two particular activities in the dataset, 
a smaller number signifying higher similarity. The distance 
metric used is the DTW distance between the strings of 
motion words for objects performing the particular 
activities. It is observed that the two groups of activities: 
(A1, A3, A7) and (A2, A4, A8) are nearer to each other 
than to the rest of the activities. This can be explained by 
the fact that the activity “Entering” is dependent only on the 
relative distance signature of the participating objects and 
not on their object class. Moreover, the trajectory for the 
case of Vehicle stopping/starting is similar to 
Exiting/Entering. This results in the relative distance 
signature of “Vehicle Stop/Start” activities ending up close 
to “Entering/Exiting” respectively. Similarly, the relative 



  
 
 

  
 

distance signatures of activities “walking together” and 
“following” end up being close to each other. If we assume 
basic object detection, we can resolve these ambiguities 
based on the class of objects performing the activities. In 
the next set of our experiments we separately show the 
classification results with and without the object label 
information.  

Querying: To assess the efficacy of our method, we also 
tested it in a query-based retrieval framework. For this 
purpose, we used activity queries from the parking lot 
dataset and searched in the combined database (YouTube & 
VIVID). There was no overlap between the query video and 
the search database. The results of the experiment in the 
form of precision/recall table are shown in Fig. 6 and Fig. 7 
where Fig. 6 demonstrates results without considering 
object detection and Fig. 7 demonstrates results after 
considering basic object detection. The poor precision rate 
for the case where no object detection was considered are 
due to the fact that certain activities, e.g. A1 and A3 (refer 
Fig. 5) are similar regardless of the objects performing 
them. When basic object detection is used, the precision 
rate increases considerably as seen in Fig. 7. 

Choice of Parameters: Our framework has two free 
parameters: the energy threshold E (Section 4.1) and the 
decision threshold ߬D (Section 5.1).  

The effectiveness of the algorithm relies on the optimum 
partitioning of the TAGs and the RDs into SOMs, which in 
turn relies on the optimal selection of Energy Threshold E. 
Intuitively, the threshold E signifies the strictness of 
incoherence between two partitions and can be formally 
described as: 

),( 21 ppGE φφ∝ , 

where 21, pp φφ are the means of orientations of two 
partitions p1, p2 and G is the angular distance defined in 
Eq. (1). A higher value of E would imply merging of 
smaller partitions until the links of the chain have a sharp 
angular bend leading to high inter-incoherence. On the 
other hand, a lower value of E would mean that links 
having a small angular bend would also be divided into 
separate partitions. A similar logic follows for the RD vs. 
time plots. Currently, the thresholds are chosen by 
empirical experiments. Future work will consider learning 
these threshold values automatically from the dataset. 

7. Conclusion 
In this research, we presented track-based novel feature 
descriptors for low-level atomic and complex activity 
analysis in low resolution videos or far fields. We showed 
that temporal angular gradients of the directions in 
conjunction with the relative distance plots can uniquely 
model the complete activity spectrum. Features were 
divided into chains or strings of motion-words where each 
link was structurally coherent. These SOMs were 

successfully tested across various low-resolution video 
datasets and impressive results were obtained.  
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Figure 6: Precision/Recall values for various pre-defined activities as queried in the combined dataset 
(with object detection). 

Figure 7: Precision/Recall values for various pre-defined activities as queried in the combined dataset 
(without object detection). 

Figure 5: Average distance of multiple instances of interactive activities, a smaller number signifies more similarity. 
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