
Investigation of kinematic features for dismount detection and 
tracking  

 
Anastasia Tyurina, Ranga Narayanaswami, David Diel, Raman K. Mehra 

Scientific Systems Company, Inc. 
Woburn, MA 01801 

 
Janice M. Chinn, Air Force Research Laboratories (United States) 

ABSTRACT   

With recent changes in threats and methods of warfighting and the use of unmanned aircrafts, ISR (Intelligence, 
Surveillance and Reconnaissance) activities have become critical to the military's efforts to maintain situational 
awareness and neutralize the enemy's activities. The identification and tracking of dismounts from surveillance 
video is an important step in this direction. Our approach combines advanced ultra fast registration techniques to 
identify moving objects with a classification algorithm based on both static and kinematic features of the objects. 
Our objective was to push the acceptable resolution beyond the capability of industry standard feature extraction 
methods such as SIFT (Scale Invariant Feature Transform) based features and inspired by it, SURF (Speeded-Up 
Robust Feature). Both of these methods utilize single frame images. We exploited the temporal component of the 
video signal to develop kinematic features. Of particular interest were the easily distinguishable frequencies 
characteristic of bipedal human versus quadrupedal animal motion. We examine limits of performance, frame rates 
and resolution required for human, animal and vehicles discrimination. A few seconds of video signal with the 
acceptable frame rate allow us to lower resolution requirements for individual frames as much as by a factor of 
five, which translates into the corresponding increase of the acceptable standoff distance between the sensor and 
the object of interest. 
 
Summary 
ISR (Intelligence, Surveillance and Reconnaissance) activities have become critical to the military's efforts to 
maintain situational awareness and neutralize the enemy's activities. Identification and tracking of dismounts from 
surveillance video is an important step in this direction. Our approach combines advanced ultra fast registration 
techniques to identify moving objects with a classification algorithm based on both static and kinematic features. 
Of particular interest were the easily distinguishable frequencies characteristic of bipedal human versus 
quadrupedal animal motion. A few seconds of video can help lower the resolution needed and conversely the 
standoff distance of the sensor to the object. 
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1. INTRODUCTION  

The objective of this work is to understand the limit of performance of kinematic feature in detection and identification 
of human walkers (dismounts) in low-resolution video signals. The envisioned application of this technology is 
verification of suspected pedestrians walking through regions of interests, guarded perimeters etc. Tower-mounted 
cameras, airborne carriers, as well as UAVs may be used for video surveillance. In this paper, we utilize aerial data, as 
well as handheld camera data. Our primary objective is pushing the lower limit of acceptable useful resolution and frame 
rate. We used both IR and EO videos to classify four classes of moving objects: dismounts, animals, vehicles, and 
background (vegetation). We utilize single frame based features as well as multi frame based kinematic features of the 
signal, to catch the character of the motion unique to each of the four classes. We track each  object (a contiguous groups 
of pixels) that moves frame-to-frame and feed its features to a classification algorithm. A key innovation in of our 
approach is the extraction and use of kinematic features of moving objects, such as leading characteristic frequencies of 
limb motion. This important characteristic of the motion allowed for human-animal-vehicle disambiguation in a signal of 



 
 

 

 

lower resolution than traditional methods of human identification based on directional gradients (such as SIFT and 
SURF) would allow.  

We start with frame-to-frame registration in order to identify stationary background versus moving foreground with 
potential dismounts. We proceed with extraction of image-chips, by following short-term motion of suspected 
dismounts. We then construct chips of sufficient duration for kinematic feature extraction. Subsequently we assess the 
discrimination potential of the identified features. Tailoring features for discrimination to the resolution appears to be the 
best way to address this problem. We focus our research on the range of resolution below the resolution required for the 
traditional methods based on directional gradients such as SURF and SIFT, discussed in Section 7. We were particularly 
looking for data of resolution 2 (10-50 pixels on target) and to a lesser extent data of resolution 3 (50-100 pixels/target). 
We worked with three diverse datasets: 

 VIVID dataset # 2, IR and EO, courtesy of the US Air Force Sensor Data Management System (SDMS) 

 SENSIAC dataset from ATR Algorithm Development Image Database (produced by military sensing information 
analysis center) data of 25 July 2008 

 UCF (University of Central Florida) data 

 SSCI video data collection in Charmingfare Farm, NH 

The datasets are diverse; contain both IR and EO sources, present varied resolution, frame rates and background.  

The rest of the paper is organized as follows. In section 2, we address frame-to-frame alignment. In section 3, we discuss 
background identification. We address identifying potential human walkers in section 4. In section 5, we present in 
detail, the selection of sub-images and construction of chips. Tracking of chip is presented in section 6 for various 
resolution level images (see section 7).  Feature   vectors are presented in see section 8 and kinematic feature extraction 
are presented in section  9. We examine the robustness of our kinematic features for dismount identification in section 
10. We present classification algorithms for dismount identification in section 11. 

 

2. FRAME ALIGNMENT  

The first step in the important process of foreground and background classification is to find the alignment or the 
coordinate transform between consecutive video frames. Projective transformation, which is used in projective 
geometry, is the composition of a pair of perspective projections. It describes what happens to the perceived positions of 
observed objects when the point of view of the observer changes. Projective transformations do not preserve sizes or 
angles but do preserve incidence and cross-ratio. We briefly entertained a notion of the sensor carrier moving minimally 
between two consecutive frames and an affine transform model being sufficient for alignment. It might have worked if 
not for the occasional small batches of corrupt images. If one or several images are missing, then two available 
consecutive images of good quality are far enough in time for the camera to have moved significantly and the affine 
model is no longer applicable. We implemented projective alignment for this reason. 

The projective alignment and methods of its estimation was initially introduced by Mann and Picard in their seminal 
work [8]. The method they developed for estimation of parameters of projective transform is not based on a finite user 
selected number of features but instead on optical flow parameter minimization. In this case, the optical flow is modeled 

as a projective transform. The problem of parameter estimation ]1,,,[ 222 RcbRAp x   then becomes a problem 

of error minimization: 
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  Equation 2.1 , where ε is error and u is a pixel wise parameter of optical speed in x 

direction in a given pixel. This minimization results in eight scalar equations in eight scalar unknowns. Difference of a 
frame and warped previous frame is shown in Error! Reference source not found. and thresholded in Error! 
Reference source not found..  

SSCI’s Ultra-Fast Image Alignment algorithm estimates the projective parameters that relate two images, given that a 
single nearly planar textured surface is observed in both images. It implements a computational technique that achieves 
faster execution than previous state of the art. It does this by quickly reducing the O(10^6) pixels of each image to a 



 
 

 

 

sparse set of O(10^3) salient points. In the next step, we compute the image-domain distance transform of the selected 
points. The set of points in the first image are reprojected onto the distance transform of the second image based on an 
initial guess of projective parameters. This reprojection process is repeated, similar to gradient descent, until the points 
fall into the minima and the best-fit parameters are obtained. Note that feature correspondence is not computed. 

Masking of the foreground  
For successful performance of the alignment, some care must be taken to ensure alignment is based on the background 
and not on the moving objects. In the case of the UCF data, the background is not rich in contrast and sharper pixel 
regions of moving objects may anchor the alignment their way. Thus, our first modification to the alignment procedure 
was masking of the features of the highest gradient, since they are more likely to belong to the foreground and skew the 
alignment. The method of construction for such a mask is described in Equation 2.2.  

 0,if (x,y) close to the border of the image
( , )

0,if sigma(Gradient*Window(x,y,5))>0.05
Mask x y = 





 
 

Equation 2.2 

Local standard deviation within a running window of 7x7 for each pixel of the current frame is computed. The pixels 
where the standard deviation was found above 0.05 are eliminated The second modification addresses the speed of the 
performance of the projective alignment utilizing SSCI’s Ultra-Fast Image Alignment algorithm.  

3. BACKGROUND INDENTIFICATION 

To identify moving objects in the image, the average image is computed for each frame by averaging the frame and 
several surrounding frames warped to the system of coordinates of the current frame. We have chosen 10 as the arbitrary 
number of frames to average. In fact the number of averaged frames should be a function of the frame rate and the speed 
of motion of dismounts estimated as in the range of [0, 8.0] km/hour widely. We would like to note that if an alignment 
between two frames has been successfully found, then in essence the classification of background and foreground in the 
image has been achieved.  The features that align are background and those which do not are foreground, by definition, 
as they have moved relative to the background from frame one to frame two. Therefore, the connected components of 
the foreground of the size consistent with the estimated size of a human would be potential dismounts. Thus, our goal in 
the next section will be to estimate the expected parameters of a dismount given a known camera position and to find all 
the connected pixel components of the foreground in range. 

The difference image was then thresholded. We chose to apply the threshold based on the standard deviation of the 
entire image (see Equation 2.2)  The multiplier of the standard deviation (sigma) is of some importance, since if too 
large a value for the multiplier is chosen some object of interest may be excluded from the picture or “fractured” into 
unconnected parts and then rejected based on insufficient size for a prospective dismount. Alternatively, the number of 
moving objects may become overwhelming if too low a value for a threshold is chosen  and easily manageable for an 
adequate threshold number of 10 . The issue of the threshold may have to be revisited when a larger selection and variety 
of video data becomes available. 

4. POTENTIAL HUMAN WALKER IDENTIFICATION 

We start from the identification of the connected components in the foreground of the image. We consider all the 
connected components and estimate if they are consistent with the estimated parameters of the image area occupied by a 
dismount.  

Expected pixel size of dismounts in the image can be estimated from the altitude of the sensor carrier and the viewing 
angle of the camera, which combined would give rise to an estimate of the distance from the camera to the object. We 
can estimate both the vertical and the horizontal ranges of expected dismount images for a given camera position, angle 
and aperture. 

The “changed pixels” are defined as follows: 

( )

* ( .* )

movingPixels abs currentFrame averageFrames threshold

threshold N sigma currentFrame Mask

  


 

Where, the Mask is defined in Equation 2.2. 



 
 

 

 

5. SELECTION OF SUB IMAGES AND CONSTRUCTION OF CHIPS  

After identification of background versus foreground, a frame is partitioned into a background and a set of separate 
moving objects of a size of interest. Figure 1 illustrates the procedure on VIVID2 data. 

 

Figure 1: Sub image of moving object extracted from VIVID2 data 

Our intent is to follow these extracted objects through time for duration of several seconds. The supposition is that at 
least an interval of 2-3 seconds is required to observe the presence of frequencies consistent with a pattern of human 
bipedal movement. One of the goals is to find the minimal interval that allows for robust dismount identification. 

After the objects are identified and isolated from each other in the initial frame, preliminary tracking can be performed to identify 
each object in the consecutive frames. Note, that spurious objects created by moving vegetation or edge shifts of stationary 
objects induced by parallax (of the buildings, trees etc.) will not be persistent in most of the cases and will not allow for tracking 
and chip creation. Thus, one of the important features of a dismount object (as any real object) is persistence through the video 
flow.  

.  
Figure 2: Chip of sub images 

 
The chip construction and feature extraction consists of the following steps: 

 Track the object of interest through the video stream, discard if spurious 
 Construct a chip of sub images 
 Compute features: static from frames and kinematic from the entire chip 

 

6. TRACKING ALGORITHM AND CONSTRUCTION OF CHIPS  

While static features of objects of interest (potential dismounts) are extracted from each frame independently, kinematic 
features can only be evaluated from chips of several consecutive frames.  To extract kinematic features we must track an 
object for certain duration of time. The exact length of time required to identify crucial kinematic feature vectors is not 



 
 

 

 

known. We experimented with processing time intervals between 2.5 sec and 4 seconds. The duration of signal available 
was often dictated by the data, as in many clips (such as VIVID2) a human walker or runner is only visible for a short 
duration. With good quality data (no occlusions, enough resolution, continuous stare etc.) 3 seconds appears sufficient to 
extract kinematic features. Literature on footsteps detection [1-3], suggests a 3 seconds interval, and while this work is 
based on acoustic and seismic signals, it attempts to detect the same events, bipedal steps and they are using power 
spectral analysis to detect the leading frequencies. While deciding on the time intervals we consider the following 
factors:  

 Time intervals need to be long enough for robust classification, thus to include at least four individual steps of at 
least 1 Hz (thus longer than 2 seconds) 

 Shorter time intervals will lead to faster decision making  
 Time intervals need to be short enough to present the signal under similar conditions (background etc.) and show 

more consistent, easier to process signals  
7. RESOLUTION LEVELS 

The feature vectors that we extract should be different for different levels of resolution of the 
dismounts. 

Level of resolution  Number of pixels on target 

4 - High Over 200 

3- Medium High 50-200 

2 –Medium 10-50 

1 - Low 1-9 
Figure 3: Proposed resolution levels on a dismount 

 

 

Figure 4: High resolution 

 

Figure 5:Medium High 
resolution (UCF data) 

 

Figure 6:Medium 
resolution (VIVID2 IR 
data) 

Figure 7: Low resolution (wide 
area CLIF data) 

 

 
The resolution level can be anticipated based on the distance to target. We currently use four levels of resolution; their 
range is shown in Figures 4  to Figure 7. 

The highest resolution level shown in Figure 4 is suitable for standard feature extraction practices (such as SURF) and is 
not the focus of the present effort. The lowest resolution level 1, shown in Figure 7 is the level of resolution 
characteristic of wide area sensors; for this resolution, only a limited number of features (mainly associated with 
behavior) can be computed and no appearance-based discriminations of dismount can be made. We were particularly 
interested in the resolution levels 2 and 3. 



 
 

 

 

8.  FEATURE VECTORS 

Several potential characteristics of moving objects were considered for features in object classification. Height, width, 
area, major axis, minor axis, leg length, head measures, width distribution over height, speed of frame to frame motion 
relative to background, temporal frequencies in sub image chips and temporal frequencies in frame difference chips. 
Since we are particularly interested in the feature vectors that are expected to perform at resolution levels 2-3, we chose 
a small feature set. In particular, we concentrated on frequency-based measures. Our idea was that frequency measures 
being reflective of the roughly 2-steps per second robust bipedal motion expected of able dismounts will be more robust 
to image quality variations, posture and alignment variations etc.  

9. KINEMATIC FEATURE AND ITS POTENTIAL FOR DISMOUNT IDENTIFICATION  

For an explanation of the method of computation of kinematic features, let us start with a sub image chip (as seen in 
Figure 8). Each sub image is centered in the object’s (potential dismount) center of mass. All chips are of the same size. 
We are interested in a temporal history of the area of the image that is characteristic of the farthest extent of a left foot. 
To define the region we sum up sub images in the chips as seen in Figure 9 upper left and find the lowest left extremity 
of the summed up image shown in Figure 8 lower image with the left foot region in red a box. Now that the region of left 
foot is defined, we can follow this region through the entire chip (see Figure 9)  and sum up the intensities of the pixels 
in the region for each sub image of the chip. Thus for each frame of the chip we have a number representing the summed 
up intensity of the left foot region of the chip. Therefore, we defined a function acting from frame numbers to intensities, 
its graph is shown in Figure 10. The graph shows quasi-periodic structure reflecting a foot being and not being present in 
the region.  

 
Figure 8 

 
Figure 9 

 
Figure 10 

 
 Spectral density of this function is computed via Fourier transform. (The signal is padded and windowed to suppress 
side lobes and artifacts). A power spectral density graph for the signal (see Figure 1) shows a leading frequency of 2Hz, 
characteristic of bipedal human motion. 

 

Figure 11 Leading frequency pronounced in the low frequencies region (0-14 Hz) (UCF data) 

 



 
 

 

 

Kinematic features show potential for dismount identification 
The temporal frequencies of pixel intensities, computed of the car chip are the same for the regions of the image within 
the car contour and the regions of the image outside the car contours. Figure 12 shows a comparison of frequency 
distribution in background, a car and a human walker (all from UCF data). The frequencies do not show a sharp leading 
frequency consistent with bipedal motion and corresponding periodicity, or any leading frequency for this matter. 

 

 
 

Figure 12: Spectrum of a dismount motion summed up by areas of given heights 

10. ROBUSTNESS OF KINEMATIC FEATURES THROUGH DIFFERENT DATASETS 

We have evaluated the performance of the method with three diverse datasets as described earlier in section 2. We were 
particularly looking for data clips of resolution of (10-50 pixels on target) and to a lesser extent of (50-100 pixels/target). 
The consistency of the method was confirmed in several diverse data sets.  

UCF data - EO video data set of medium –good resolution of 50 – 100 Pixels On Target (POTs). Very strong leading 
frequency signal of 2 Hz. 

 Vivid2 data  - IR video data (a frame was shown in Figure 1) of relatively low resolution: 20-60 pixels on target (see a 
fragment of dismount chip shown in Figure 6, Figure 7, and Figure 8).  

VIVID2 (IR) data has a complex background with moving branches, cars, people and occasional birds. The 
alignment is complicated by significant camera viewing angle changes (causing shifts of up to 30 pixels). There are 
multiple and crowded moving objects of the dimensions of interest. The leading frequency signal comes out very 
strong and consistent. 



 
 

 

 

 SENSIAC data offers IR data with pedestrians of higher resolution of level 4. The camera was stationary, the 
background was difficult, cluttered, varied and omnipresent, there was higher resolution (80-200 pixels on target), 
and dismounts had partially obstructed feet and lower legs. 

  
 

 

Figure 13: SENSIAC data one frame (two human 
present) 

Figure 14: Leading frequency of 2 HZ 

 
11. CLASSIFICATION 

We concentrated on the two levels of resolution: low (10-50 pixels on target) and medium (50-200 pixels on target), for 
comparison. We chose looked into two classes of data: pedestrians and vehicles. The classification effort was undertaken 
on parts of the following data collections: VIVID2 (IR), SENSIAC data (IR), UCF data (EO). The two classes of targets 
(pedestrians and vehicles) are represented in each data source.  

Based on the requirements of the close-ranged EO-based multi-class discrimination problem, we proposed the use of a 
tree-based classifier. The process stops when some criteria such as the minimum number of training samples belonging 
to the branch are met. To reduce complexity, the learning (tree growth) step is often followed by a pruning step that 
attempts to reduce the expected prediction errors on unseen data. 

Classifier Implementation 
Supervised learning based classification algorithms comprise several stages.  

First is an initial (possibly off-line) training stage where derived features from data with ground-truth are used to train a 
classifier to yield decision surfaces or rules for each desired target class. Next, is an on-line testing stage where features 
derived from recently collected, “new”, data are used to determine which of the decision regions best matches the test 
object. The specific steps in each algorithmic block shown in Error! Reference source not found. are briefly discussed 
below: 

Pre-processing: The pre-processing step currently comprises a background mean subtraction in order to normalize the 
data, following which the data is divided into 3-second sub-segments. Since subjects of interest may appear in one or 
multiple distinct short time windows within the duration spanned by the event file, each three-second sub-segment is 
treated as an individual training sample. During the training process, we also label each sub-segment with its ground 
truth. We currently label all three-second segments from a single event with the overall event class, even though some of 
the segments may contain background samples only.  

Feature Extraction: Features are extracted for each sub-segment and these features along with the associated ground 
truth for the event are used to train a C4.5 classifier and yield decision rules.  

C4.5 Rule Learning: 



 
 

 

 

In order to implement the C4.5 tree-based classifier, once features are available, we must determine the best approach to 
using the training features for classification. Specific steps that we have taken in the classification process are:  

Training features are divided into two classes – vehicles and humans. We do not use sub-classes such as walking or 
running humans.  

Since the number of training events (and therefore, training sub-segments) associated with each class are very different, 
we synthetically create an equal number of samples in each class through repetition. By ensuring an equal number of 
training samples in each class, we prevent training bias in the classifier that may bias it towards performing well on those 
classes that have a large number of training samples. 

Classification results 
We performed the learning stage of classification based on 164 samples of data, consisting of 12 samples of vehicular 
data and 152 samples of human data. We could only find a limited number of samples of vehicular data lasting over 2 
seconds in the data focused on dismounts and only occasional sightings of dismounts in the datasets focused on 
vehicular data. This limited the number of samples and a demonstration of classification has a preliminary character, but 
it worked as expected and created a very simple classification rule namely classification software reported (see below the 
output of C4.5), that the rule was based on Feature4, which is leading frequency. Alarmingly, in one instance the 
leading frequency of a pedestrian was reported as 7. When we surveyed the data, it turned out that a pedestrian in 
question was not walking, but stopped and performed a slight turn. Other data samples from the same walker reported an 
expected leading frequency within [1-3] interval. Since the intent is to observe a suspected dismount for several 2-
second intervals, the classification decision needs not be made based on a classification reported for just one 2-seconds 
segment. It is conceivable that a decision based on several 2-seconds intervals of observation would be more robust. 

12. ANIMAL DATA 

We looked into animal video data for extraction of kinematic features of animal motion. 
The data that we used was collected for a different project with a fixed and hand held land based 
cameras and at too close a range for convenient view of the entire animal necessary to see the four 
limbs. However we were able too find several suitable, if too well resolved video fragments of 
moving horses.  The method of cadence extraction required some fine tuning for these large and 
overflowing the frames moving objects, but otherwise worked and delivered the hoped for results 
expected of  quadrupedal motion.  We looked to confirm that animal limb cadence is derivable from 
video stream using our proposed methodology and  different from human cadence. 
Figure 15 shows the first frame of the video data segment; Figure 16 shows the last one. In the data 
segment the horse with a rider is viewed from behind, which is not the best viewing angle for the 
kinematic feature extraction. The side view would be better. Also, note that as the horse is moving 
away from the sensor the resolution and the number of pixels on target (POTs) changes as the horse 
decreases in size due to prospective. Notice that the light plot shows a period character along with 
the distinct descending pattern due to the change of the resolution (pixels on target) on the horse 
because of the change in the prospective, as the horse is quickly moving away from the camera. The 
change in perspective is not however preventing the correct cadence reading. Faster horse run 
(gallop) delivered a larger leading frequency of ~6Hz. More studies would be necessary to 
determine a range of cadence for different species. 



 
 

 

 

 
Figure 15: First Frame 

 
Figure 16: Last Frame 

 
Figure 17: Cumulative intensity of leg region 

 
Figure 18: Frequencies  

The cadence of ~ 4 Hz was successfully extracted from animal data despite the challenging viewing 
angle. That gives reason to hope that the cadence extraction method of step frequency analysis of 
video data is robust and provides needed basis for discrimination between animal and human 
movers. 

13. LIMIT OF PERFORMANCE 

We were interested in the boundaries of acceptable performance of these new kinematic features that 
we have developed. The two obvious limiting factors are frame rate of the video flow and resolution 
in the images less obvious would be noise in the images and further optical quality degradations 
such as turbulent blur. We started from frame rate and target resolution degradation due to standoff 
distance and  found the methodology surprisingly stable.  We chose a well resolved and high frame 
rate Senciac data set. The data was taken with a stable IR camera in near IR light. The images are of 
a of typical lower quality characteristic of infrared images. In our experience typical EO images of 
the same resolution (measured simplistically in POTs or Pixels On Target) would handle easier, so 
we assume that if IR images of some number of POTs allow for cadence extraction, then good 
quality EO images of the same POTs would not perform worse. Our method of limiting range of 



 
 

 

 

performance was very simple.  For frame rate variations we allowed for a simple frame weeding: 
take every Nth frame to simulate a frame rate of initial frame rate divided by N. For resolution 
degradation, we averaged the necessary number of adjacent pixels. 
 

14. FRAME RATE 

The method was frame weeding of actual IR video stream. The resolution was fixed. 
The result was somewhat expected as predicted by Nyquist. The cadence of human walking being 
roughly 2 Hz required a frame rate of over 4 Hz for reliable detection. Our results for cadence 
computations are shown in Figure 18 while the temporal light plot are shown in Figure 17. 
Notice that while the periodic character of t he signal is less and less pronounced through the 
diminishing frame rate and the magnitude of the leading frequency peak decreases, the leading 
frequency reading does stay the same at 2.5  Hz. 
 
 

 
Figure 19: Light from left foot region in 26-28  frames per second 

 

 
Figure 20: 6 frames per second 

 
Figure 21: 5 frames per second 

 
Figure 22: 4 frames per second 

 
15. LOW RESOLUTION 

To study deterioration of cadence extraction method we artificially lowered the resolution of the 
Sensiac data set by averaging the required number of neighboring pixels. We kept the frame rate at a 
high 26-28 frames per second (at these high frame rate the rates very and consulting metadata is 
necessary to know an exact immediate frame rate). 
The chips of progressively lower resolution are shown in Figure 23 to Figure 27, where the shown 
chips contain moving human figures of resolutions from 40-60 POTs (in Figure 23) to 1-2 POTs (in 
Figure 27).  



 
 

 

 

 

 

Figure 23: Resolution of 40-60 
POT (pixels on target)  

 

Figure 24: Resolution of 20-30 
POTs 

 

Figure 25: Resolution of 10-20 
POTs 

 
 
 
 

 
Figure 26: 4-6 POTs  

Figure 27:  Resolution of 2 POTS 

Remarkable result was that the cadence frequency was detected by the method up to the lowest 
resolution bracket shown in Figure 26. As the spectral frequencies graphs  show in Figure 28 to 
Figure 30 the cadence value remains unchanged at ~ 2.5 Hz and the leading peak is very strong up to 
the 4-6 POTs resolution.  Figure 30 also shows the power spectra for ultra low resolution chip 
images of 2 and 1 POTs  and the signal of ~2.5 Hx is still present in the spectrum, but overpowered 
by the high frequency noise.  The question  remains weather a different algorithm specifically 
designed for the purpose would be able of de-noising these ultra low resolution spectra and  



 
 

 

 

unveiling the cadence of human walking. These levels of resolution are more consistent with Wide 
Area Imagery, than close range video.  

 
Figure 28: Power spectrum from a 61 x 41 pixels 
chip 

 
Figure 29: Powers spectrum from a 6 x 4 pixels  
chip 

 
 

 
Figure 30: Powers spectrum from ultra low resolution chips 

 
16. CONCLUSION 

We addressed the problem of robust detection of dismounts from low-resolution video data sequences. Industry standard 
techniques for dismount detection such as SURF and SIFT features are not designed to handle moving objects of low 



 
 

 

 

resolution. We outlined a methodology based on SSCI’s ultra-fast image alignment algorithm, and a combination of 
static and kinematic features for dismount detection. The dismount detection classification is performed using a learning 
classifier algorithm.  We sought to define  limits of performance of the kinematic feature with falling special resolution 
and frame rate. Our results indicate that for high enough frame rate SSCI’s technique retain the discrimination potential 
even the for the ultra low-resolution imagery of 3-5 pixels on moving target.  
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