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There is growing interest in performing aerial surveillance for monitoring resources such as forests and crops. Similar
using video cameras. Compared to traditional framing cameras, jmaging techniques are used in aerial news gathering and
videos provide the capability to observe ongoing activity within a search and rescue. Aerial imagery was used for topographic

scene and to automatically control the camera to track the activity. L X
However, the high data rates and relatively small field of view of mapping in 1849 by Colonel Aime Laussedat of the French

videos present new technical challenges that must be overcomeArmy Corps of Engineers [1]. Kites and balloons were used
before videos can be widely used. to fly the cameras. In 1913, airplanes were used to obtain

In this paper, we present a framework and details of the key photographs for mapping purposes. Aerial images were used

components for real-time, automatic exploitation of aerial video extensively in World War |, primarily in reconnaissance and
for surveillance applications. The framework involves separating intelligence '

an aerial video into the natural components corresponding to the ) . . .
scene. Three major components of the scene are the static back- Until recently, aerial surveillance has been performed pri-
ground geometry, moving objects, and appearance of the static andmarily using film or electronic framing cameras. The objec-

dynamic components of the scene. In order to delineate videos intotive has been to gather high-resolution still images of an area
these scene components, we have developed real time, image-prognqger surveillance that could later be examined by human

cessing techniques for 2-D/3-D frame-to-frame alignment, change hi lvsts to derive inf fi fint L C
detection, camera control, and tracking of independently moving or machine analysts to derive information of interest. L.ur-

objects in cluttered scenes. The geo-location of video and trackedrently, there is growing interest in using video cameras for
objects is estimated by registration of the video to controlled refer- these tasks. Video captures dynamic events that cannot be
ence imagery, elevation maps, and site models. Finally static, dy- ynderstood from aerial still images. It enables feedback and
namic a;:d repJOJ?Ctel‘?' mosaics dmay be Cons”ll.mte.d for compres-yriggering of actions based on dynamic events and provides
sion, enhanced visualization, and mapping applications. : . . ) . ;
pping app crucial and timely intelligence and understanding that is not
Keywords—Aerial images, camera control, change detection, otherwise available. Video observations can be used to de-
computer vision, geo-location, image processing, mosaicing, tact and geo-locate moving objects in real time and to con-
registration, tracking, video surveillance, visualization. trol the camera, for example, to follow detected vehicles or
constantly monitor a site. However, video also brings new
|. INTRODUCTION technical challenges. Video cameras have lower resolution
than framing cameras. In order to get the resolution required
to identify objects on the ground, it is generally necessary
to use a telephoto lens, with a narrow field of view. This
Manuscript received November 5, 2000; revised May 8, 2001. This leads to the most serious shortcoming of video in surveil-
work was supported by funding from various Defense Advanced Research |gnce—it provides only a “soda straw” view of the scene.
Projects Agency (DARPA) programs: Visual Surveillance and Monitoring The camera must then be scanned to cover extended regions
(VSAM), Warfighter Visualization (TIGER), Image Based Modeling, ; h o )
Aerial Visual Surveillance (AVS), and Battlefield Awareness and Data Of interest. An observer watching this video must pay con-
Dissemination (BADD). _ _ stant attention, as objects of interest move rapidly in and out
The authors are with the Vision Technologies Laboratory, Sarnoff fth field of vi The vid o lack | .
Corporation, Princeton, NJ 08543 USA (e-mail: rkumar@sarnoff.com; ©Of (€ camera field of view. The video also lacks a larger vi-
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Aerial surveillance has a long history in the military for
observing enemy activities and in the commercial world
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Further challenges of video relate to control and storage. Over the past several years, the Defense Advanced
A camera operator can have difficulty manually controlling Research Projects Agency (DARPA) and other government
the camera to scan a scene or to hold an object of interest inagencies have sponsored a series of research programs
view because of the soda straw view of the world provided aimed at developing these new technologies. The Vision
by video. Video contains much more data than traditional Technologies Laboratory at Sarnoff Corporation has par-
surveillance imagery, so it is expensive to store. Once storedticipated in many of these programs and has contributed to
in a database, surveillance video is difficult and tedious to almost all aspects of the technology, from automated search
search during subsequent analysis. and detection to compression, display, storage, and access.
Before video can be generally employed in aerial surveil-
lance, new video technologies must be developed that make
it much easier for human operators to use and interpret videoll. SysTeM OVERVIEW
data. Technologies are needed to automatically control the
camera and to detect and geo-locate objects of interest. New Inthis section, we provide a brief overview of an integrated
methods are needed to annotate and present video imagerf€rial video surveillance (AVS) system. In the following sec-
to humans to provide an immediate, in-depth understandingtions, we examine each component of this system in more de-
of the observed scene. Technologies are also needed to com@il. For this general overview, we assume the AVS system is

press and store surveillance video and to give users easy aci.ntended for m|l|tary surveillance from an unmanned aerial
cess to archived video. vehicle (UAV). This application requires the greatest degree

In order to serve a Variety of different needs for surveil- of automation and perfOI’mS the widest range of tasks. For the

lance applications, it is important to provide an underlying Most part, systems for other applications will use a subset of
framework for spatio-temporal aerial video analysis. In the the components described here. The UAV system is shown
past decade or so, we have developed such aframework basel? Fig. 1. The system includes sensors and processing com-
on image alignment with progressively complex models of Ponents on board the aircraft and additional processing and
motion and scene structure. The framework involves delin- displays at an operator control station on the ground.

eation of video imagery into components that correspond to

the static scene geometry, dynamic objects in the scene, angh. Sensors: Cameras, Gimbals and Telemetry

the appearance of both the static and dynamic parts of the

scene. Progressive complexity inthis framework providesus a
handle on the model selection problem since always applying
the most complex model (say, a 3-D alignment model) may
lead to unstable and unpredictable results. In essence, suc
instabilities arise as the employed model results in over fitting
the data at hand. For example, 3-D estimation may produce
unpredictable results when the scene may be largely flat.
Furthermore, the alignment framework also includes situating . . . . :
the video components in a geo-referenced coordinate syste nplude location anq or!enFatlon of the sensorin aworld coor-
within a reference imagery and model database. By aligning dinate system _and intrinsic camera parameters such as focal
the static scene components in video frames to a referencéength and optical center.

database, static and dynamic objects, entities and locations in

the video can be geo-referenced and annotated with respect t®. Front-End Processing

the wfor_rgatlon mlthg r?ference clil(ar:abase. 4 10 develop Ve divide image processing performed on board the air-

T ek;/ Ideo l?”a ysIs br.?mewor as eﬁ_n hu?]e tc;) BVeIOP craft into two stages: front-end processing and scene anal-
a number of key capa ||t|e§, some of w Ich have been put ysis. Front-end processing includes “signal level” operations
together in a system for aerial video surveillance. These keythat are applied to the source video to enhance its quality

capabilities include: . N . and to isolate signal components of interest. Examples of
+ frame-to-frame alignment and decomposition of video sych operations are electronic stabilization, noise and clutter
frames into motion (foreground/background) layers;  reduction, mosaic construction, image fusion, motion esti-

* mosaicing static background layers to form panoramas mation, and the computation of “attribute” images such as
as compact representations of the static scene; change and texture energy.

« detecting and tracking independently moving objects
(foreground layers) in the presence of 2-D/3-D back-
grounds, occlusion and clutter;

* geo-locating the video and tracked objects by regis- Scene analysisincludes operations thatinterpret the source
tering it to controlled reference imagery, digital terrain  video in terms of objects and activities in the scene. Moving
maps and 3-D site models; objects are detected and tracked over the cluttered scene. Ter-

« enhanced visualization of the video by re-projecting rain is recovered for the purposes of moving object detection
and merging it with reference imagery, terrain and/or in the presence of 3-D parallax and also for aerial mapping
maps to provide a larger context. purposes.

Video surveillance is typically performed with one or two
video cameras that are mounted within gimbals on board an
aerial platform. The cameras may be standard visible light
I(1electrooptical) or infrared (IR). Gimbals allow the camera
to actively scan a scene. The gimbals also provide mechan-
ical stabilization to isolate the camera from aircraft vibra-
tion. Telemetry meta-data associated with video are physical
measurements of the camera’s pose and calibration, which

C. Scene Analysis
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Fig. 1. Components of an aerial video surveillance system for use with an unmanned aerial
vehicle. Surveillance systems for other military and civilian applications would generally use a
subset of these components.

D. Camera Control rectified (projected to nadir view) and registered to map co-

Scene information obtained in the analysis stage providesCrdinates. Subsequently, they can be used to update imagery

a basis for automatic camera control. Task-oriented control !N @ 9€0-spatial database.

modes include fixating points on the ground, tracking ) o

moving objects, and scanning regions of interest. Other G- Compression and Transmission

functions include automated control of focus and control  Video is transmitted to the ground station where the oper-
of the camera exposure to obtain better images of selectedator views it. This transmission often must occur over a low-

objects. bandwidth channel, so significant image compression is re-
quired. The results of scene analysis on board the aircraft pro-
E. Geo-Location vide a basis for high-performance object-based video com-

r- pression such as MPEG4, in which the stationary background
is represented as a mosaic and foreground moving objects are
represented as video “chips.”

The AVS system must also determine the geodetic coo
dinates of objects within the camera’s field of view. Rough
geo-locations of points on the ground can be estimated from
aircraft coordinates and camera orientation. However, as al- )
titude increases, small errors in measured camera orientatior?- Display
result in larger geo-location errors. More precise geo-loca- Additional video processing is performed at the display to
tions can be estimated by aligning video frames to calibrated format video information so it is easy for a human to inter-
reference images. Further, image based geo-location allowspret. Video is stabilized and accumulated into an extended
video to be precisely localized in the presence of telemetry mosaic. Target tracks and landmark names are overlaid on
dropouts. Geo-locations are used in turn for precision tar- the mosaic. In addition, this “mosaic based display” allows
geting, target handoff between aircraft, updating imagery in the user to scroll and zoom into regions of interest, indepen-
geo-spatial databases, and indexing video databases. dent of the camera scan.

F. Aerial Mapping I. Archiving

A common objective of aerial surveillance is that of ob- Finally, surveillance video is stored for future reference
taining images of extended regions of the landscape. Suchand analysis. Video abstracts are stored with the video to sup-
images are constructed as mosaics from the source video aport content-based access. These include ortho-mosaics and
the camera sweeps over the scene. These mosaics are orthactivity records.
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I1l. SENSORS CAMERAS, GIMBALS, AND TELEMETRY IV. FRONT-END PROCESSING

Although our concern in this paper is with image pro- Our decomposition of processing on board the aircraft

cessing for aerial surveillance, it is appropriate to begin with |r}tohfront end af.‘d ana;llyas sltages 'Z l:rylased on thr? nature
a brief description of the camera, gimbal, and pose sensors,of the com_putano;:_s t emset:/es ant dence O? the :}ypes
since these determine characteristics of the video and asso®! P'0cessing architectures best suited to perform t. em.
ciated meta-data that will be processed. Front-end processes are those that are performed in the

Both IR and visible cameras are used in AVS. The image S|gn_al domain” as filtering anq resampling operations on
. ._ the video frames. These operations are performed uniformly
formats that are used cover a wide range, but commercial

standards are typical: e.g., 720480 pixel resolution, 30 over extended image regions and lend themselves to a

frames per second for NTSC based systems. Interlace Camjlow—through, pipelined computing architecture. Front-end

eras with 60 fields per second are often used but these inprocesses include signal enhancement, electronic stabiliza-

L - . tion, mosaic construction energy, and detection of moving
troduce aliasing artifacts—progressive scan cameras are to_, . : .
. ; objects. Front-end processing also generates local attribute
be preferred. The camera optical system is chosen to resolve .
. . ; images such as motion flow and texture.
objects of interest on the ground from the intended opera-
tional altitude of the aircraft. In practice, the camera field of

view is often quite narrow; 0%3to 1C° is common. A. Computational Framework

Camera gimbals provide mechanical stabilization, iso-  Sarnoff has developed a special purpose image processing
lating the camera from vibration of the aircraft. Gimbals architecture for front end processing [2]. This features
differ in sophistication and quality. A high performance multiresolution and parallel pipeline computation flow. It
gimbal for military surveillance may provide stabilization to s tailored to perform filtering and resampling operations
10 prad. This corresponds to 0.4 horizontal pixels for a 720 very efficiently and to adapt from frame to frame to scene
x 480 camera with a°lfield of view. However, such gimbals  activity and changing analysis requirements. Within a given
are extremely expensive (typically $300000-$500000). image frame, the filters are applied uniformly over defined
Less expensive ($30 000-50 000) gimbals typically provide regions of interest.
stabilization to 100urad, corresponding to 4.1 horizontal Basic sequences of front-end operations that serve mul-
pixels. There is a lower limit to the field of view that can tiple AVS functions are as follows.
be supported by a given camera and gimbals system. This 1) pyramid Transform. Convert each source video frame
limit is set by motion blur. Motion blur occurs when the I(¢) into a multiresolution, pyramid representation.
image moves by more than the width of a pixel; during the This includes low pass or Gaussian and bandpass or
time the camera integrates light for a given video frame. Laplacian components.

For example, suppose 0.01-s integration time is required for 2) Global Motion Estimation. Estimate global frame-to-
a given camera and camera stability from frame to frame frame image motiond(¢) that is due, for example,

is 100 prad. If this camera has 720 horizontal pixels, then to camera pan, zoom and general 3-D motion of the
motion blur would occur for an optic system that provides Sensor.

less than a 1.Z3field of view. _ o 3) Video Mosaic. Combine images within the temporal
An important adjunct to video information is time-syn- window into a mosaic.

chronized meta-data or engineering support data (ESD) 4 Electronic Stabilization. Warp image frames to remove
containing physical measurements of camera pose and unwanted global motion.
calibration. Translation may be derived from altimeters, 5) Detection of scene changes using 2-D and 3-D tech-

qubal F_’ositioning S_yste_m (G_PS), and other r:?\dio_ navi- niques to compensate for image sensor motion.
gation signals. Rotation is derived from a combination of

aircraft and gimbal orientations. Aircraft orientation may be
derived from an inertial navigation system (INS), gravity
sensor, magnetic compass, radio navigation signals, or In order to achieve the best performance at the front-end
multiple GPS antennas. Both gimbal orientation and camerasignal processing stage of aerial video surveillance, it is es-
calibration (e.g., focal length of a variable zoom lens) can sential to provide means for controlling the scale of spatial
be derived from control signals. All such measurements, and temporal operations so they can be matched to salient
which relate the image pixels to rays in 3-D world coordi- image structure in the source video. This can be achieved in
nates, are referred to as telemetry. Position measurementshe spatial domain by representing the source video at mul-
using survey-grade differential GPS with on-the-fly carrier tiple scales. Operators of fixed scale can then be matched to
ambiguity resolution can achieve 5-cm accuracy in practice. the appropriate image scale.

High-quality INS can achieve 50@rad orientation accuracy. The first front-end processing step is to perform a pyramid
However, instrumentation currently deployed on today’s transform on each source video frame [3]. A pyramid is a
operational UAVs are commonly one to three orders of sequence of images of decreasing resolution obtained by re-
magnitude worse. Synchronization of meta-data with video peatedly convolving an initial image with a set of filte /"

is also a critical issue since the pose of a surveillance cameran the basic Gaussian pyramid)/" acts as a low-pass filter.
may be changing rapidly. Successive application ofAf implies that the band limit is

B. Pyramid Transform
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reduced in octave steps from image to image in the pyramid scene and is more complicated for arbitrary 3-D motions and

sequence. As the band limit is reduced, the sample densityscenes. A parametric model, such as an affine, quadratic, or

may also be decreased by a factor of two. projective transform [7]-[9] may represent pixel motion due
A Laplacian pyramid is a sequence of images obtained by to camera pan or zoom or translation relative to a distant sur-

computing the differences between successive levels of theface. The displacement field modeled as a quadratic function

Gaussian pyramid. In effect, this is tantamount to filtering is shown in (2)

the original image by a sequence of bandpass filters. Lapla-

cian pyramids highlight edge information in images and are )

often used for matching images of the scene acquired under di(w,y,t1,ts) =01 + agx + azy + aze” + agry

different illumination conditions. di(z,y,t1,t2) =as + a5z + agy + arzy + asy”. (2)

However, Gaussian and Laplacian pyramids are isotropic N hat for di irs of vi ith sianif
in nature and do not provide any information on the orien- ote that for discrete pairs of views with significant camera

tation of features present in the image at different Scales_rotation, a full eight-parameter projective transformation is

Orientation energy pyramids are used to represent an imagereqwrfed t? allg?n a Flandar _surface ohr the (rj]|stant sce_neal?ow-
at multiple scales and orientations. Many different schemes eve_r(,j or closely re athe vl;ews sucdas_t 0se ? talne_ rom
have been proposed in the literature to represent and comput& V/4€0 sequence, the above quadratic transformation Is a
orientation in images. One popular scheme to compute ori- good approximation to the motion model and is more stable

entations was proposed by Freeman and Adelson [4]. Theyto compute_:. Furthermore, as the center of_ projection recedes
propose computation of orientation information via applica- fro”ﬁ the distant surface of interest, an affine transform may
tion of a bank of filters that are tuned for spatial orientation suffice. . .

and scale. In particular, the filtering is implemented in terms For general 3-D scenes, vyhere the camera is not distant
of second derivative Gaussian filters, at different orienta- frpm the Scene, the quadratic mod.el does not account for
tions, and their Hilbert transforms [4]. The filters are taken in p!xel mot'|on 'due to parallgx. In this case, the model for
quadrature to eliminate phase variation by producing a mea-Pixel motion is also a function of the distance of the scene

sure of local energy, within an orientation band. This filtering point f_ror_n the camera (e, its _depth). Trad_itionally, in
is typically applied at a set of four orientations—vertical, 9Ynamicimage analysis the 3-D displacement field has been

horizontal, and two diagonals—to yield a corresponding set parameterized in terms of rotational and translation motion
of “oriented energy images.” Further, the entire representa- and depth fields [10]. However, aligning the images using

tion is defined over a Gaussian pyramid [5] to support mul- Fhis .parameteri'zation requires knowledge of the camera
tiresolution analysis. Orientation pyramids are often used to |nte_r|0r orientation parameter_s S_UCh as_fo_cal Ieng_th a_nd
solve difficult alignment problems where there is a great deal OPtical center. In many applications, this information is
of appearance change between two images. An example of afyPically not available. In [11]-[13], the alternate parame-
orientation energy representation of an image can be seen jrferization Qes;r|b¢d does not require this knqwledge. The
Fig. 17(c). Significantly, image energy measures can be ex- parameterization is based on the image motion of a 3-D

tended to account explicitly for spatio-temporal orientation plane and_the residual parallax_field [14]. .
by defining the filtering ovet: — i — ¢ video volumes for In [11], it was shown that, given two views (under per-

added representational power to support the analysis of timeSPECtiVe projection) of a scene (possibly from two distinct
varying imagery [6]. uncallt_)rated cameras), if thg image motion correspondmg to
an arbitrary planar surface is compensated (by applying an
appropriate 2-D parametric warping transformation to one of
the images) then the residual parallax displacement field on

The displacement of pixels between subsequent frames inhe reference image plane is an epipolar field. That is
a video sequence may occur because of the motion of the

C. Global Motion Estimation

video sensor, independent motion of objects in the scene, mo- d, =di +d

tion of the source of illumination, and other factors. At the dy =d? + d,. A3)

global motion estimation step, the displacement of pixels due

to the motion of the sensor is computed. The total motion vectord,, d,;) of a point can be written
Let J(a;,y,tl,tQ) be a displacement field describing as the sum of the motion vector due to the planar surface

the motion between framegz,y,t1) and I(x,y,t2). Let modeled as a quadratidy, d?) as represented in (2) and the

~

I(z,y,t,t2) be imagel(x,y,t;) warped into alignment  residual parallax motion vectod], d;). The residual vector
with image!(x,y, t,) based on the following displacement can be represented as

field:
© &y = (/T = oT.)
j(xayatlatQ):I((xvy)_cgzxayatlatQ)atl) (1) d; :,Y*(ny_yTZ)
H
The displacement field due to motion of the sensor can v :(Z «T) 4)

be modeled by a set of global and local parameters. This .
modeling is simple for simple camera motions such as pan-whereT = (T,,7,,T.) is the translatiory is the parallax
ning, zooming or for general motion with respect to a distant at a point,H is the perpendicular distance of the point of
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interest from the plan€ is its depth;Z}, is the perpendicular  the above least-squares algorithms using robust statistics. In
distance from the center of the first camera to the plane, andpractice, image alignment is often computed between band-
f is the focal length. At each point in the image, the parallax pass Laplacian pyramid levels to reduce effects of illumina-
varies directly with the height of the corresponding 3-D point tion variation, or between images that have been otherwise
from the reference surface and inversely with the depth of the preprocessed to enhance salient pattern structure (e.g., ori-
point. ented energy pyramids).

Traditionally, motion parameter estimation is done in a )
two-step process. First, correspondences are established bd?- Video Mosaics
tween frames [15], [16] and then a structure from motion al- A further function of front end processing is mosaic con-
gorithm is applied to solve for the motion parameters [17], struction [1]. Images are accumulated into the mosaic as the
[18]. The robustness of the parameter estimation obtained bycamera pans, effectively extending the field of view of the
this two-step method is very much dependent on the accuracycamera. We will define several types of image mosaics at suc-
of the correspondences established in the first step. As an al-cessive stages of the AVS processing stream. The “image do-
ternative, [9] and [19] propose direct methods for estimating main” mosaics formed in the front-end stage are the simplest
the motion parameters and the correspondences between imand are defined in a 2-D image coordinate system. Later mo-
ages simultaneously. This approach has proved to be verysaics will be defined in the world coordinates and will have
stable for computing motion parameters between consecu-3-D structure.
tive frames in a video sequence. There are two basic steps in constructing image domain

In order to align two images (an “inspection” image and mosaics: alignment and merging [22]-[25]. Construction of
a “reference” image), [9] describes a family of hierarchical a 2-D mosaic requires computation of alignment parameters
direct registration techniques with different image motion that relate all of the images in the collection to a common
models. This technique first constructs a pyramid from each world (or mosaic) coordinate system. For image collections
of the two inputimages and then estimates the motion param-corresponding to video sequences, the computation of align-
eters in a coarse-to-fine manner. Within each pyramid level, ment parameters may be structured in one of the following
the sum of squared difference (SSD) measure integrated oveivays. 1) Successive images are aligned, the parameters cas-
regions of interest (which is initially the entire image region) caded to determine the alignment parameters between any

is used as a match measure frame and the mosaic coordinate system. 2) Each image is
aligned directly to the current composite mosaic image using

E({A}) = Z(I(x,y, 1) the mosaic coordinate system as the reference. 3) The cur-
© rent composite mosaic image is aligned to the new image,

—I((z,y) — CZ’(x,y’tl,tQ)))Q (5) using the new image as the reference. The result of any of

these processes is a set of transformations linking (directly or

where “A” is the set of motion parameters, which need to be indirectly) coordinate systems of all of the relevant images.
estimated. These parameters may be global 2-D parameterd hese transformations are used to warp each video frame to
such as the quadratic parameterization described in (2) orthe mosaic coordinate system. These warped images are then
3-D quasi-parametric transform such as the plargarallax combined to form a mosaic. In order to avoid seams between
transform described in (3) and (4). images in the mosaic, the warped video frames are merged

The general framework for all the direct algorithms is the in the Laplacian pyramid domain [26]. This blends images
same. The objective function in (5) is minimized to find the along the seams such that image features are merged over
parameter values that yield a best match between the pair ofa distance comparable to their size—large features over a
images. Levenberg-Marquardt minimization [20] is applied long distance and small features over a small distance. An
to the objective function to estimate the unknown motion pa- €xample of a mosaic constructed using the above procedure
rameters and the resulting displacement field. Starting with is shown in Fig. 2. In this case, the images form a sequence
some initial values (typically zero), the hierarchical estima- in which the camera (mounted on an aerial vehicle) moves
tion algorithm iteratively estimates the parameters in order over an extended segment of terrain while also rotating and
to minimize the SSD error at a coarse resolution, then suc-zooming. The input frames of the video sequence are of size
cessively at finer resolutions. After each step of the itera- 360x 240 pixels. The output mosaic is of size 86541
tion, the transformation based on the current set of param-pixels and is constructed using 11 key frames automatically
eters is applied to the inspection images, in order to reducepicked from a long sequence.
the residual displacement between the images. The refer- ) o
ence and inspection images are registered so that the deE- Elctronic Stabilization
sired image region is aligned. The above estimation tech- Each of the front-end processes described thus far have
nigque is a least-squares-based approach and, hence, sengised the current frame to define the space/time coordinate
tive to outliers. However, as reported in [9], doing the least- system; all frames used in processing at tinage in the set
squares estimation over a pyramid minimizes this sensitivity. S(¢) that are aligned to th&(t). This ensures the processed
The pyramid-based approach locks on to the dominant imagedata is in registration to current physical reality. However, the
motion in the scene. To further improve rejection of noise source video often contains unwanted components of global
and unmatched structure, [21] developed robust versions ofimage motion that are due to camera vibration or instability
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video framesd/(¢) are transformed spatially into their band-

pass Laplacian pyramid representatigiik, t), wherek rep-

resents different pyramid levels; 2) global motion parame-

tersd(t — n,t) between frames ¢t — n” and“t” are esti-

| mated fromIy,(k,t); 3) a temporal windows(¢) is formed

'f-"l' [ by warping frames into alignment with;,(k,¢); and 4) a

" temporal bandpass filter is applied.$d¢) to form each dif-

| ference video fram®(k,7,t). The temporal filter has the

| effect of forming the difference between the current frame,

[ Iy, (k,t) and a frame at some timeearlier in the source se-

! quence [and withirt(¢)]. These steps tend to eliminate the

stationary background and highlight moving image features
Fig. 2. Image domain mosaic from video over Camp Lejeune, NC. of spatial scale; (the Laplacian pyramid level) that move a
significant distance relative to this scale over the time

in camera control. This motion can be removed through elec- The space/time difference sequence is converted to

tronic stabilization, as a final front-end processing step [22]. change energy through four additional steps: 1) the samples

The observed frame-to-frame offset$t), may be assumed  of Dy (k,7,t) are squared; 2) squared values are integrated

to combine a desired componedf;(¢), due, for example,  locally through Gaussian pyramid construction to lekel

to intended camera pan and zoom and an undesired compo3) I;,(k,t) is similarly squared and integrated to Gaussian

nent,d,(t), due to camera vibration and control instability. level /; and 4) normalized change energy(k, [, 7 t)

For electronic stabilization, each output frame needs to beis formed as the ratio of these quantities at each sample

warped byd,(t) [equal tod(t) — dq4(t)] to compensate for  position. Specifically, let;[I(t)] be the Gaussian pyramid

this motion component. constructed from imagé(¢) to levell. The change energy is
The desired component of motion combines intended given by

camera pan and zoom and motion relative to the scene as )

the aircraft flies. The components due to pan and zoom E(z k,l,7,t) = Gi[Di (@, k,7,1) ]_ (6)

may be known from the camera controller. The component GillL(z, k,t)?]

due to aircraft motion depends on the distance to objects gcale parameters 7, andr determine space/time charac-

in the scene so they will often not be known. Absent other teristics of this change energy image and allow the process to

information,d(#) is decomposed into high and low temporal  pe tuned to targets of interest in the scene. A related change

frequency components and stabilization is used to dampmeasure has been described in [29]. Analysis of spatio-tem-

high frequency components. Alternatively, the desired poral orientation provides another refinement of these ideas

component of camera motion may be modeled as a sequencéyr change detection with robustness to image clutter [30].

of linear segments separated by break points. The electronican example change energy image is shown in Fig. 4.

stabilization unit attempts to estimate these break points and  change energy computed between two frames can give

the linear motions as a continuous causal process as framegise to two change regions for a single moving object: one

are received. at the object’s location in the current frame and one at
) ) ) o the object’s location in the previous frame [31]. A single
F. Change Detection and Moving Object Identification change image does not show which region corresponds to

Video cameras image the scene at the rate of 30 frames pethe object’s location in the current frame. This ambiguity
second. As a result of this rapid imaging, it is possible to de- can be resolved by computing change images from three
tect moving objects from the static background and identify frames. Given the current imadét) and previous image at
other changes between subsequent video frames even whetime 7; and next image at time;, change energy images
the camera sensor is itself moving. The motion of the pixels E(z,%,l,71,t) and E(x.k,l,72,t) are constructed as
due to sensor motion must be compensated to detect reablescribed above, then multiplied together [32]. Forming
changes in the scene and identify moving objects. As noted inthe product of this pair of change energy images has the
Section IV-C, pixel displacements due to sensor motion may effect of suppressing regions where there is energy in only
be modeled by 2-D parametric motion for distant scenes or one. Since both images will have energy at the location of
panning cameras. When the camera is close to the imagedhe object in the current image, it is only this location that
scene, the pixel displacements of the background must beremains highlighted.
modeled by a quasi-parametric transform such as the glane 2) Change Detection in 3-DAs the aircraft flies, sta-
parallax model for 3-D motion discussed earlier. We discuss tionary objects in the camera field of view that stand above
change detection for these two cases in the next two sectionsthe ground, such as treetops, appear to move relative to the

1) Estimation of Change Energy Using 2-D Motion Com- ground itself. As long as this parallax motion is sufficiently
pensation: The procedure for the computation of change en- small, it can be ignored and moving object detection can be
ergy is shown in Fig. 3 [27], [28]. This provides a basis for based on 2-D analysis, as outlined above. However, parallax
moving object detection. The first four processing steps gen- becomes significant when Aerial Video Surveillance is con-
erate a space/time difference video sequence: 1) the sourceucted from a low or fast aircraft, or the motion of targets of
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Fig. 3. Computation of change energy. Scale paramétgfsandr tune the process to objects and
motions of interest in the scene.

Fig. 4. Example change energy image. (a) Source frame, (b) change energy without alignment, and
(c) change energy with alignment, moving truck appears as bright pixels in the change energy image.

interest is small. In these cases, the analysis has to be geneiin the same direction as the motion of the sensor. In this case,
alized to three dimensions. it is not possible to distinguish independent motion from par-
A number of approaches to the problem have either em- allax motion. Such a situation can be seen in Fig. 5(e).
ployed only the epipolar constraints or have assumed that There are two fundamental constraints that apply to the
correspondences and/or image flow are available or can bestatic 3-D scene and not to any independent motions. First,
reliably computed. Adiv [7] assumed the availability of op- between two frames, all points on the fixed scene should sat-
tical flow and used the flow to group regions on the basis of isfy the epipolar geometry constraint. However, there are par-
the rigidity constraint over two frames. Irani and Anandan ticular situations where the epipolar constraint may be satis-
[33] presented constraints on image parallax arising from fied by a moving object too, for example, when an object is
constancy of projective structure under the plane-plus-par-being tracked by a camera that is moving in the direction of
allax model. However, the constraints may be employed only the object motion. Second, the shape of the fixed scene with
to test given point correspondences or plangarallax flow. respect to a reference coordinate system should remain in-
No algorithm was given to reliably establish dense corre- variant to camera motions. This constraint can be employed
spondences that are required by their approach. Fejes andaver three or more frames. In general, for reliable separa-
Davis [34] used only the epipolar structure of rigid 3-D mo- tion of moving objects from the fixed background, both con-
tion flow fields and developed a low-dimensional projec- straints need to be employed.
tion-based algorithm to separate independent motions. Their In [37], both the above fundamental constraints are used
constraint can be fooled in situations where the direction of in an algorithm to solve the problem of independent motion
object motion and the epipolar flow direction are the same or detection when the parallax (or the “3-Dness” of the scene)
similar; such is the case in some of our example sequencesis not dense, which is typically the case in AVS. It is not
Lourakiset al. [35] presented an algorithm that exploits both assumed that correspondences, optical flow or normal
epipolar and shape constraints but the computation is basedlow are available. The plane-plus-parallax decomposition
on a precomputation of normal flow that will be unreliable [11]-[13] of multiview geometry and invariant projective
without additional constraints. Torr [36] uses model selec- shape is used tarogressivelyntroduce the constraints while
tion and segmentation for separating multiple 3-D motions. solving the correspondence problem too. Multiple images
However, the dense separation of the scene and independerdre aligned together by progressively solving for the planar
motions is not fully developed, and it is not clear how the and parallax parameters. Regions of the images that cannot
technique will handle sparse 3-D scenes. be aligned with either of the two fundamental constraints
An alternative method to detect changes in presence of 3-Dare labeled as independent motions. The algorithm tracks
motion may be to compensate for the frame-to-frame back- a dominant plane using homography transformations over
ground motion using the plane parallax alignment algo-  a sequence. Subsequently, the mutually consistent epipoles
rithm and then apply the techniques described in the previousover the whole sequence are robustly solved for using
section for detecting change energy. However, this approachthe depth constancy constraint over three or more frames.
fails when the motion of the independently moving objectis The homographies and epipoles are used to enforce depth

KUMAR et al. AERIAL VIDEO SURVEILLANCE AND EXPLOITATION 1525



{n} (b} (<)

{dj (e

Fig. 5. (a), (b), (c) Frames from a source video that contains camera motion-pan and parallax
motion—the telephone pole relative to the background, and object motion—two people walking,
(d) difference images after 2-D scene stabilization removes the background but highlights both
parallax (pole, building) and object motion, (e) difference image after compensation by4plane
parallax alignment, almost everything is matched including the two moving objects and nothing is
highlighted, and (f) difference image after compensation by three-frame 3-D algorithm, only the
moving objects are highlighted.

constancy while aligning images within a coarse-to-fine V. MOVING OBJECT TRACKING
framework. Finally, misaligned regions are detected and

. . A common requirement in aerial video surveillance is the
labeled as independent motions.

. L. _— capability to automatically detect and track moving objects
A comparison of 2-D and 3-D analysis is shown in Fig. 5. B y y g ob)

Fig. 5 b h three f ¢ il in the scene. This can be challenging in AVS because tar-
i9.5(), (b), (¢) S ows three frames from an aenia sequencegets appear small and their motions can be small compared
of two people running. Fig. 5(d) shows the difference image

ft tion b dratic alobal motion. Much of to the camera induced scene motions. In Section IV-F, we
atter compensation by a guadratic global motion. MUCh Ol yise,ssed how to detect moving objects using change energy.
the background is aligned. However both static objects such

o . Here, we discuss how to track moving objects.
as the pole and the people are highlighted. Fig. 5(e) shows the In order to reliably track and maintain identity of objects

dlffergnce Image after compepsauon by the planparallax .__overtime, itis desirable for the Object State to contain repre-
algorlthm. In_ th|_s case, there IS ?"’”OSt perfect Compensat'onsentations ofmotion, appearance andownership or shape
and nothing is highlighted. Thls_ls bec_:al_Jse the motions ofthe in the image This is called an objedayer [24], [40], [41].
camera and of the people areina similar direction. F_lnally, With an object state represented as a layer, maxiaos-
Fig. 5(7) shows the difference image a_fter compensatlo_n by teriori estimation (MAP) in a temporally incremental mode
t_he 3-D algorithm; note only the running people are high- can be applied to update the state for tracking. Tracking with
lighted. complete state representation is useful for applications that
require segmented object appearance (for example, indexing
and object insertion/removal) in addition to the traditional
Sarnoff has developed a family of special-purpose applications that require maintenance of only position and
vision processors specifically tailored for front-end vi- geometric transformations.
sion processing [2], [38], [39]. These processors use an Most traditional trackers either use or estimate a partial
optimized, parallel-pipelined architecture to perform fun- representation only. For example, change-based trackers ig-
damental front-end processing functions including pyramid nore the appearance information and, thus, have difficulty
transforms, geometric image warping with bilinear and dealing with close-by or stationary objects. Template trackers
bicubic image interpolation, space/time filtering, and typically only update motion and, hence, can drift off or get
global and local motion estimation. The latest processor attached to other objects if there are instants of time when
in this family, known as the Acadia | integrated circuit, is other similar templates are in close proximity [42]. Some
a system-on-a-chip front-end vision processor capable oftemplate trackers use parametric motion (affine/similarity,
performing over 80 billion operations per second [39]. The etc.) to update both the motion and the shape of the template
Acadia | is provided on a PCI board form factor, as shown in [43]; however, since no explicit updating of template owner-
Fig. 6, and is currently being used by Sarnoff to implement ship is done, even these may drift.
front-end processing functions described above at real-time In [41], multiobject tracking is formulated as a 2-D
video rates. layer estimation and tracking problem with a view toward

G. Front-End Processor
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Fig. 6. The ACADIA chip on a PCI board is used to implement front-end AVS processing
operations in real time.
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Notations and Conditions

achieving completeness of representation and, thereby,

. X ) i ) ) &: and GM = good appearance match  NB = new bl?b, no object c‘overinga}rlob
providing robust tracking in aerial videos when ambiguous e LT toamegtine Dt et
or cluttered measurements occur. The layer tracker includes ZMs= zero motion estimation

motion, appearance, and shape as the state representatlorlg 8. State transition di or the d laver track
The state is updated at each instant of time using the Expec- 9 ate transition diagram for the dynamic layer tracker.
tation-Maximization (EM) algorithm for MAP estimation.
A dynamic Gaussian segmentation prior is introduced to Besides the core tracking algorithm described above, ad-
encode the domain knowledge that the foreground objectsditional issues which need to be handled are: 1) initialization
have compact shapes. The dynamics of the segmentatiorof layers; 2) deletion and addition of layers; and 3) deter-
prior are also modeled so that gradual changes over timemination of object status such as stationary and occluded,
are allowed. The motivation for employing such a global which are important for some applications. These tasks are
parametric shape prior is twofold. First, the prior imposes accomplished through a state machine (Fig. 8). In this state
a preference on the shape of a foreground layer and pre-transition graph, there are five states and each directed edge
vents the layer from evolving into an arbitrary shape in represents a transition. The condition for transition is also
the course of tracking. As a result, it assists in tracking marked along the edge. For example, a new object is initial-
when ambiguous or cluttered measurements occur. Secondized if a new change blob is detected far away from existing
only the compact parametric form of the prior function objects. Anobjectis deleted ifitis out of the field of view. An
needs to be estimated, which makes the estimation proces®bject is marked as stationary, if its motion blob disappears,
computationally efficient. there is no significant decrease of correlation score and the
For each tracked object, at each time instant, its motion, estimated motion is zero. When a new vehicle, or a layer,
appearance, and shape are estimated. Because itis difficult tas added, an initialization step estimates the three compo-
optimize all three simultaneously, [41] adopts the strategy of nents of alayer (motion, appearance, segmentation, or shape)
improving one with the other two fixed. This is a generalized from the change blob and the image. More specifically, the
EM algorithm and it can be proven that this converges to a position of the object is located at the center of the blob. A
locally optimal solution. The diagram in Fig. 7 summarizes zero velocity is assigned. The segmentation prior is estimated
the optimization process. from the second-order moments of the blob. The appearance
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Fig. 9. Vehicle turning. The first row shows the cutouts of the original video frames and the
Gaussian shape priors. The second row shows the segmentation and the appearance of the vehicles.
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Fig. 10. Vehicle passing and stationary vehicles. The first row shows the cutouts of original video
frames and the Gaussian shape priors. The second and the third rows show the segmentation
and the appearance of the three vehicles.

is obtained from the original image. The initial segmentation time. For example, once a target of interest is located, the
image is a scaled version of the blob image. operator may want to dwell on that target while he examines
Thetracking systemis designedto handle complex motions ongoing activity. If the target is stationary, then the camera
and complex interactions, such as passing and stop. In Fig. 9must be systematically panned, as the aircraft flies by, in
the tracking result on a clip with a turning vehicle is demon- order to keep fixation on the target. If the target is moving,
strated. Inthis example, the appearance, shape, and the motiothe camera must be systematically panned to follow its
of the vehicle changes dramatically. The layer tracker, how- motion. At other times the camera must be systematically
ever, has estimated them correctly and maintains the track. scanned over an extended scene region of interest. An AVS
Tracking vehicle interactions is difficult for change-based system should provide automatic camera control for each of
trackers because the change blobs merge. After they splitthese modes.
motion is the only cue to distinguish them, which is notre- A camera can be directed to point at a specified geographic
Iiable When the merge iS not brief. A template traCker that |Ocati0n, or Sweep a defined geographic region, based on air-
does not keep track of ownership would lose track too when craft [ocation, camera telemetry and terrain elevation data. In
the other vehicle is treated as the baCkgrOUnd context. Thepractice, such open |00p control has limited precision dueto
layer tracker however, maintains the appearance informationerrors in telemetry and terrain data.
and reliable tracking can still be achieved. In Fig. 10, three
vehicles are successfully tracked. One of them eventually
becomes stationary. A change-based tracker cannot handl
this scenario because appearance information is needed fog
tracking stationary objects.

Precise, stable camera control can be achieved by incor-
orating an image-based closed loop element in the control
ystem. The scene itself provides a reference coordinate
ystem that can be tracked precisely through image align-
ment. Discrepancy between the expected and observed
image motions is fed back to refine camera control [44]. For
example, when a stationary ground point is being fixated,

A requirement of aerial video surveillance is that the there should be zero global image translation. Feedback
camera be controlled in response to observations, in realis used to adjust camera control until residual motion is

VI. CAMERA CONTROL
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1) v ] oz Geo-coordinates can be provided by instruments on board
- the aircraft along with knowledge of the terrain over which
the aircraft is flying. Geo-coordinates can also be provided
by the registration of current video frames to previously ob-
tained calibrated reference imagery.

U]

0 ) [ A The geo-coordinates of a point on the ground can be com-
|delay - ‘ puted from the location of that point in the video frame and

V40 the geometry of the imaging process [44] (see Fig. 12). It may
G be assumed the location of the aircraft is known from GPS

and other on-board navigational equipment. The orientation
of the camera is known from sensors on the gimbals. The al-

cancelled. If the target is moving, then feedback is used titude of the aircraft above the ground plane is known from

to adjust camera-tracking velocity until the target remains altimeters a_nd te_rrain data. Data from these sensors ponsti-
centered in the camera field of view. Likewise, when the (Ut theengineering supportdata (ESD); (see also Section l1l)
camera is swept in an “S” pattern to scan a region of stream, which is synchronized with the video. An estimate of

interest, successive scans should overlap one another byground location can be obtained from a digital terrain map
some prescribed amount. Observed errors in the extent ol PEM). The intersection of the image ray with the terrain
this overlap are used to adjust the camera control. profile gives the geo-coordinates of the point. -

An overall camera control system is shown in Fig. 11.  Inpractice, telemetry (ESD) based geo-location often does

AssumeV,(t) is a desired image scan velocity expressed NOt provide coordinates of image points to a desired preci-
in image coordinates. An initial estimate of the camera pan SION- Méasurements of aircraft location and camera pointing
velocity needed to achieve this image velocity is computed angles have limited accuracy. Also, digital terrain data may

from camera telemetry, aircraft velocity, and estimated dis- "t exist for the area under surveillance, or may be of rela-
tance from the aircraft to the scene. tively low resolution. The resulting geo-coordinates can be
Let V,(¢) be the image velocity actually observed, based N €rror by tens or hundreds of meters on the ground.
on global image to image alignment. The difference between  T"€ Precision of geo-coordinates can often be signif-
the desired and the observed is the residut) = Vy(t) — icantly improved through image processing by aligning

Vu(t). At the next frame time, the camera control velocity, current video frames to previously optained calibrated
V..(t), is then adjusted based on the observed residual reference images [45]-[47]. Reference images have been
collected for many regions of the world from satellites. Pixel

Ve(t) = Vu(t) — oV (2 — 1) (7) positions for these images are known to a precision of few

) _ ) meters. Aerial video images inherit this precision when they
where « is a feedback gain factor. At the same time, the 5.¢ aligned to the reference images/models.

observed residual can be used to electronically stabilize | the next two sections, we present solutions for two dif-
the output video to follow the desired image velociy(?) ferent cases of geo-registration. First, we discuss the regis-
through a warp operation. tration of video to reference imagery and DEM data. Here, it
This type of feedback is also used to track moving objects. is assumed the appearance between video and reference im-
In this casél/p(t) is an estimate of observed residual object agery can be matched. In the second case, we discuss align-
velocity in the image domairi.(¢) is fed back to adjust  ment of video to 3-D site models of urban and suburban
camera pan so that it matches object motion. The velocity 5reas. In this case, there may be very large appearance differ-
Va(t) is asmall adjustment to the camera pan velocity neededgnces between video and reference imagery. There can also
to bring the target gradually to the center of the field of view. g quite significant occlusion effects due to the large number
of buildings present in the scene.

Fig. 11. Flow diagram for image-based camera control.

VII. GEO-LOCATION

The utility of aerial video depends in large parton knowing A G€0-Registration to Reference Imagery and DEM Data

precisely where the camera is pointing on the ground. The Fig. 13 shows the main components of a video based geo-
ideal objective is to know geographic coordinates—latitude, registration system [46]. A reference image database is cre-
longitude, and elevation—for each pixel in the scene. This ated in geo-coordinates along with the associated digital el-
geo-coding information enables a wide range of functions. evation maps (DEMs) and annotations [48], [49]. The vi-
Ground structures and moving objects seen in video can besual features available in the reference imagery database are
associated with real-world positions. Video can be superim- correlated with those in video imagery to achieve an order
posed on imagery, maps, and 3-D models from a geographicof magnitude improvement in alignment in comparison to
database to provide spatial context and collateral information purely telemetry (telemetry include location, orientation of
for enhanced understanding of the video. Conversely, suchthe sensor, etc.) based alignment. To achieve this, a section
database information can be transformed to, and overlaid on,of the reference image is first warped to the perspective of
video coordinates. Finally, the video can be used to revise the UAV sensor based on the telemetry data alone. Subse-
the database itself, enhancing its spatial breadth and resoluguently, precise subpixel alignment between the video frame
tion or temporal fidelity. and reference imagery corresponding to the relevant locale
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VIDEO ESD STREAM VIDEO ages which have approximately the same perspective as the
l video frames. This also minimizes occlusion effects, since
2%%%”5.553 FRAME TO the rendering process naturally does hidden surface removal.
s“‘f“"‘ ALCATENT The camera model provided by the ESD is used to apply an
EXTRACT AND image perspective transformation to reference imagery ob-
RENDER tained from the database to render a set of synthetic reference
.':,.EA':;EE §:§5. . Sﬁi'cess < images from the perspective of the sensor.
PERSPECTIVE | viDEO AND. 3) Preprocessing:There can be a great deal of appear-
FRAME IMAGERY ance change between a video and its corresponding refer-
i ence orthophoto, even following projection to a common co-
ordinate frame. Many sources contribute to this change, in-
nw*e o cluding, variation in sensor characteristics, diurnal and sea-
REFERENCE sonal cycles, and scene structure (e.g., new construction). To
ALIGNMENT ameliorate such difficulties, it is desirable to choose a rep-

resentation of image intensity that highlights pattern struc-
ture that is common to the two image sources that are to be
Fig. 13. Geo-registration system. brought into alignment.

In [46], the video and reference images are represented by
is used for the accurate geo-location of the video frame. The Laplacian pyramids; these mitigate some changes in appear-
process of alignment of video to reference imagery is divided ance such as constant offsets in gray scale and small-scale
into the following steps. changes. However, Laplacian pyramids are not adequate to

1) Frame-to-Frame AlignmentVideo frames at deal with changes such as orientation reversal and are not
typically 30 frames per second contain significant orientation selective. Features with the potential to serve in
frame-to-frame overlap. In order to meet the real-time the desired fashion are those that exhibit a local dominant
constraints for the geo-registration system, as a first steporientation or well-localized point-like structures that can be
in the front-end processing is to reduce redundancy by thought of as capturing a range of orientations, e.g., roads,
identifying keyvideo frames based on computing frame to tree lines, edges of buildings, compact isolated structures and
frame motion using the techniques presented in Section IV. the like. Similarly, the local distribution of orientations that

2) ESD and Rendering Enginefhe engineering support  are presentin an image can be indicative of texture structure.
data (ESD) supplied with the video is decoded to define the Correspondingly, the image representation employed in [47]
initial estimate of the camera model (position and attitude) decomposes intensity information according to local spatial
with respect to the reference database. In the case of nadiorientation. This representation is derived via application of
imagery, video frames may be matched to reference imagerya bank of filters that are tuned for spatial orientation and scale
in the form of an orthophoto. However, in the case of oblique to both the video imagery as well as the (projected) reference
video, due to the large change in viewpoint, the appearanceimage. Filters are applied at a set of four orientations—ver-
between the orthophoto and the video images can be quitetical, horizontal and two diagonals—to yield a corresponding
different and it is difficult to find matching features. Instead, set of “oriented energy images” for both the video and refer-
the video frames may be matched to rendered reference im-ence imagery.

OUTPUT PARAMETERS
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4) Coarse SearchA coarse indexing module then the individual video frames may be quite different from the
locates the video imagery more precisely in the rendered ref-reference imagery and 2) certain video frames may not have
erence image. However, an individual video frame may not sufficient distinguishing information to match them to the
contain sufficient information to perform robust matching reference imagery. The appearance differences can be due
and, therefore, results are combined across multiple framesto multiple reasons such as changes in the world, different
using the results of frame-to-frame alignment. In [45], image acquisition times, different imaging sensors used, etc.
matching is performed by correlating image features, To mitigate against these effects, [46] and [47] match a block
present in multiple video frames, to the reference image. of frames simultaneously to the reference imagery. The block
The correlation surfaces for individual image features offrameswould provide alarger context for robust matching.
often have multiple peaks. Disambiguation is obtained Note that the frame to frame alignment within the block can
by imposing global consistency by combining the video be stable because of local features.
frame-to-frame motion information with the correlation In the bundle-based approach (Fig. 14), the results from
surfaces across multiple frames. The correlation-basedthe frame-to-frame alignment processing are used to con-
search is done across a range of rotation, translation, andstrain the simultaneous alignment of several sets of frames
zoom motion parameters. The net result is that the sequenceo a set of rendered reference images. As noted earlier, the
of frames is located to within a few pixels in the reference video frames are matched to rendered reference images
frame. The final correlation score is used as a measure ofwhose perspective is close to the video frame. In the block
accuracy in the coarse search step. alignment scheme for an oblique video sequence, different

5) Fine Registration:A fine geo-registration module re-  video frames are matched to different rendered reference
fines the coarse estimate further using the relative informa- images (see Fig. 14). However, since the reference images
tion between frames to constrain the solution. In general, theare rendered by the system, the relationship between them
transformation between two views of a scene can be modeledis completely known. Tie-points are established between
by: 1) an external coordinate transformation that specifies the reference frames and video frames and also between
the 3-D alignment parameters between the reference and thehe video frames. Kumaat al. [46] estimates tie-points by
camera coordinate systems and 2) an internal camera coordicomputing optic flow [9] between the Laplacian pyramid
nate system to image transformation that typically involves representations of the images. However, this process is
a linear (affine) transformation and nonlinear lens distortion susceptible to errors, as noted earlier, because of large
parameters. In [46] and [47], the precise alignment formu- appearance changes between reference and video imagery.
lation combines the external coordinate transformation and Wildeset al. [47] improve on the process by using oriented
the linear internal transformation into a single 3-D projec- energy pyramids to represent the images. These provide
tive view transformation. Twelve parameters (a &) are features that are more stable to match under gross appear-
used to specify the transformation ance changes. Wildest al. [47] use robust statistics to

test and remove outliers in the frame-to-reference tie-point
estimation. The frame-to-reference parameters are solved

v, oM * Xy +ag* Y +az x k(X Y,) + a0 by minimizing the error term in (9) with respect to the
I % X, +ag + Y, + ag * E(X,,Y,) 4+ al frame-to-reference parameters ta a;») in (8)
v Cagx Xo tas Y, dagx k(X,.,Y,) +an )
"« Xy Fagx Y +ag x (X, Yy) +agg
. . k j=m k
The 3-D depth of each scene poiti,(, ¥,.) is represented E— Z Epap(ivi+1) Z Z ar(Gid). (9)

by the parametek(X,.,Y,). The reference image coordi-
nates ., Y,) are mapped to the ideal video coordinates
(X71,Y7) by (8). The energy ternk ;. is the sum of squares of the geo-
This transformation together with the DEM data and any metric displacements between corresponding tie-points be-
nonlinear lens distortion parameters completely specifies thelonging to a pair of neighboring video frames. The energy
mapping between the video pixels and those in the refer-termE, . is a similar geometric displacement error between
ence imagery. One major advantage of this approach is thatcorresponding tie-points belonging to a video frame and a
camera calibration need not be known. This increases the apreference framek’ is the sum across all video frames of the
plicability of our proposed system to arbitrary video camera frame-to-frame matching error&¢- ;) and rendered refer-
platforms. Note in many aerial imaging instances, (8) can ence frame to video frame matching erras4;). In Fig. 14,
be reduced to be a projective transform (where the termswe show three rendered reference images with video frames
az = & = & = 0). This approximation is valid when there tied to each of them. In practice, the number of rendered
is only a small translational viewpoint difference between the reference frames depends on the motion of the video in the
rendered reference image and the video frame or the distancéundle of video frames. The number of video frames used in
between camera to ground is large as compared to the heighti bundle depends on there being enough multidirectional fea-
of objects in the scene. tures present across the bundle to be able to tie them robustly
In [45], the fine alignment of each frame is done sepa- to the reference imagery. For real-time applications, we use
rately. However, two problems occur using this approach: 1) a sliding sub-bundle scheme, where a new set of frames is

=1 j=1
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/ Reference Reference
41 +3
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Fig. 14. Multibundle alignment of oblique video frames to reference models.

Fig. 15. Geo-registration of video. (a) Overlay of video mosaic
over ortho-photo using ESD information alone. (b) Overlay of
video-mosaic over ortho-photo after coarse search step. (c) Overlay
of video mosaic over ortho-photo after fine alignment step.

added at each time instant and an earlier sub-bundle of framegig- 16. Overlay of video image of Fort Drum over rendered
. . . reference image. Reference image was taken in summer, video was
is removed from the estimation. taken after snowfall in winter.

a) Results: Fig. 15 shows geo-registration results that
were obtained from video captured from an X-drone UAV
flying over Webster Field, MD. Key frames obtained at 3 Hz
were used to geo-register the sequences. Fig. 15(a) shows th
overlay of the video mosaic over the reference imagery using
ESD information alone. The video mosaic is not aligned and
the geo-location error is about 1000 feet (hundreds of pixels).
Fig. 15(b) shows the geo-registration result after the coarse
search step. The video mosaic is now aligned to within a few
pixels from the reference image. Finally, Fig. 15(c) shows
the result after the fine alignment step [46], where it can be

nolt:E_:d tggre ;15 quite preCISZ.?fl_lgr]Tte)n;[. full ved part of the overall scene. Not only does the “object” occupy
'9. SNOWS a more difficult but successiully soved large field of view, unlike in the above cited works, but

case of geo-reglstr_atlon_ when Ia_rge appearance chan_ges A'fhere are often pose ambiguities in single images that should
prese_nt [47]. The video Imagery in this case was ﬁcq“'red "N pe resolved by combining information across frames.
the winter while the reference imagery was obtained a few Hsuet al. [53] presents a potentially real-time “direct”

)r/T:ea(;s agci n é?e summ:ar. Fl:jrtr;]er, the_vu.:ieﬁlllls imaged at 4method for pose refinement, which simultaneously estimates
oderately oblique angle and the terrain is hilly. pose parameters and the correspondence between features.
) ) ) Tracked features are used to predict the pose from frame to
B. Registration to Site Models frame and the predicted poses are refined by a coarse to fine
Urban and suburban regions with a large number of process of aligning projected 3-D model line segments to ori-
buildings are not sufficiently well represented by extant ented energy pyramids. The existing site model is considered
reference imagery and digital elevation models. In this case,to be a collection of untextured polygonal faces. Face edges
the representation is augmented with the use of site models,n the given model imply discontinuities in surface normal
where each building is modeled using polygonal structures and/or material properties in the actual 3-D scene, which
and overlaid on the reference imagery and terrain [48]. generally induce brightness edges in the image. The align-
The problem of registration of video to site models is ment method selects 3-D line segments from the model and
most related to work on object recognition and tracking. projects them onto the video frame using the current pose

Model-based alignment by explicitly extracting features
from the image, identifying their correspondence to model
?eatures, then solving for absolute orientation, is one of the
standard approaches [50]-[52], whose drawbacks include
unreliability of feature detectors and combinatorial com-
plexity of matching. Hsuet al. [53] follow the alternative
correspondence-less approach, which has been used in de-
formable template-based object recognition [54] and object
tracking applications [55], [56]. In aerial video surveillance
applications, any single video frame captures only a small
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Fig. 18. Video flashlight: video frame is warped and overlaid over
model; scene may be visualized from any viewpoint.

Fig. 17. Geo-registration of video to site models: (a) original . .
video frame, (b) 3-D site model, (c) oriented energy image with The foregoing process updates a static model of the scene,

four major orientations:Q 45°, 90°, and 138. Model lines used but does not capture temporal information. Alternatively, the
g’r:)ja;'c‘-’tgdmg2ttﬁrﬁn(;‘éee”ﬁ's‘i’n‘;”;;f’n']’;tfg;g‘sde.(d) model lines are pose recovery process can also enhance the visualization of
dynamic information in live video. Aerial surveillance video
is often unstable and narrow field of view, hence difficult
estimate. The local edge strength in the image itself is repre-to comprehend. Aligning it to a geometric model allows us
sented as an oriented energy field. Model lines are projectedto reproject and visualize the video from different points of
to the orientation image which is nearest their orientation.  view with a larger context of the static scene embedded as
Fig. 17(a) shows a video frame and Fig. 17(c) shows model background (Fig. 18). Each video frame is like a flashlight,
lines projected (red color lines) for over an oriented pyramid which illuminates the static 3-D model with the latest im-
representation of the video frame in Fig. 17(a). The optimiza- agery. Alignment of video to true world coordinates also al-
tion process varies the pose to maximize the integral of this lows us to annotate the video, insert synthetic objects and
oriented energy field along the projected 3-D line segments, find the 3-D geo-location of image points.
causing projected line segments to move toward loci of high
energy. This procedure is used to estimate the pose for any
frame. Fig. 17(b) shows the 3-D model and Fig. 17(d) shows V. A ERIAL MAPPING
the model lines rendered and overlaid over the image using One common objective of aerial video surveillance is

the estimated pose parameters. “aerial mapping,” the collection of extended images of the
An initial estimate or prediction of pose is needed to boot- |andscape as geodetica”y indexed video mosaics. As an
strap the above registration procedure. Various prediction ajrcraft flies, its camera is systematically swept over a region
functions may be used. In an interactive system, auser can sepf interest. The video frames are aligned and merged into
the pose for the first frame. Physical measurements from po-a mosaic. The mosaic is ortho-rectified and aligned to map
sition/attitude sensors mounted on the camera platform maycoordinates. The resulting image is similar to a panoramic
be another source. Finally, when processing a sequence okatellite photograph. In Section IV, a front-end mosaicing
frames, the pose can be predicted from the previous frame’sprocess was described. Two refinements of the mosaicing
estimated pose. Het al.[53] use the interframe tracking of  process are needed to construct extended mosaics: 1)
features between frameésand: — 1, plus the depth of fea-  ortho-rectification and geo-coding to project the component
tures ini — 1, to predict the 3-D pose of imageFeaturesare  jmage frames into a common geo-coordinate frame and 2)
tracked using an optic flow technique [9]. The predicted pose global alighment of the image frames. Fig. 19 illustrates this
parameters are computed using a robust statistics techniqueprocedure.
which is able to handle outliers in the matChing procedure A|ignment of consecutive video frames alone cannot be
[52], [57]. used to construct extended mosaics in which frames are
Once pose has been estimated, the initially untexturedarrayed in a two dimensional pattern. When the scene is
rough site model can be refined. The same approach usedscanned with a back and forth motion as the aircraft flies,
for pose estimation can also be used to refine the placementsmall errors that occur in aligning successive image frames
and shape of parameterized object models. Estimation of agradually accumulate, so that successive scans do not align
dense parallax field can be used to refine the shape of knownprecisely.
objects and to represent objects that have newly appeared or The frame-to-frame alignment process can be extended to
were otherwise previously unmodeled. The appearance ofcreate mosaics of frames that are captured using 2-D scans of
model surfaces can be recovered by mapping texture fromthe camera. This “local to global” procedure has three steps,
the video frames to the faces of the model. as shown in Fig. 20 [58]. First, alignment parameters are
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Fig. 19. Steps in constructing an ortho-rectified mosaic.

scan path //D

image frames

(@) ®) (©) L]

Fig. 20. Local to global alignment for constructing extended
mosaics. (a) Compute alignment between successive video frames,
(b) compute alignment between frames in successive scans, and
(c) solve for the best simultaneous alignment of each frame to all
its neighbors.

Fig. 21 (a) Mosaic constructed using frame to frame constraints
alone and (b) ortho-mosaic constructed using local to global
constraints and warping imagery to nadir viewpoint.

use of a terrain model and camera coordinates. If the terrain
computed between successive video frames as video is rels not too rough, afl_at earth model can be used. If the terrain

. ) - . _“is rough, an elevation model needs to be used to warp the
ceived (the front-end processing step). Second, similar align-.

. image to be an orthographic projection from a nadir view-
ment parameters are computed between overlapping frames

in successive left-right scans. Third, a global alignment of point. The terrain may be provided by othe'r sensors such as
. f laser range finders or recovered from the video stream.

the frames is computed from the local alignment that repre- In order for the scale, orientation and position of the mo-

sents a best simultaneous alignment of each frame with all __. . )

its neighbors and geodetic information provided in the ESD saic to be correlated with true geography, world to image

) . ; eo-referencing constraints should also be imposed. Such
stream accompanying the video. The aligned frames are the ; . .
. . . constraints may be derived from telemetry, point correspon-
merged using multiresolution methods to form a seamless

Mosaic dences with respect to a map or ground survey, or geo-regis-

When the spatial layout of the video frames is not known tralt:'?n t201rzaegvigcfolrzg?r%izcsﬁeo?licr):avg?aomain and ortho-
a priori, an automatic topology inference algorithm can be 9. : ge S
used to choose the spatially, but not temporally, adjacent mosaics con-structed from a highly qbllque aerial video se-
frames to be aligned. The collection of frames and pairs of quence obtained from an airplane flying 1 km above ground,
. ' . : where the periodic side-to-side scan is effected by a 23
registered frames forms a graph. An iterative process alter-

- . . . camera rotation. Fig. 21(a) shows the mosaic constructed
nates between refining the simultaneous alignment given the ™. . . )
> : : using 50 such frames using the image domain methods pre-
current graph and refining the graph (discovering overlap-

. . : sented in Section IV. Because the central frame was chosen
ping frames) given the current alignment [58]. ; C LT
) - . as the reference coordinate system, the mosaic is distorted
A further refinement to the mosaicing process is needed

to construct extended aerial mosaics: ortho-rectification with respect to a nadir view and the scale changes greatly

and geo-coding. As the camera is swept over the scene, {h&Cross the mosaic. Fig. 21(b) shows the ortho-mosaic for the

“ - B . ' Same region constructed using the topology inference and
footprint” of the camera’s view on the ground changes size . . X
. ) o the local-to-global alignment technique with telemetry-based
and shape. The footprint will be roughly rectilinear when .
; . . geo-referencing. Note that the scene appears to have the same
the camera points straight down, but will become larger

o S scale throughout the ortho-mosaic.
and more key-stoned as the viewing direction is made more
oblique. The image footprint will be further distorted by
hilly or mountainous terrain.

In order to construct a consistent mosaic from such In AVS systems such as that shown in Fig. 1 video is
images, it is necessary to reproject each image frame totransmitted to the ground for viewing by an operator. Often
a common viewing direction and scale. The appropriate this transmission must be done over a very low-bandwidth
common direction is nadir, so that the resulting images can communications channel and significant compression is
be aligned to map coordinates. Reprojection again makesrequired. The image processing already done on board the

IX. COMPRESSION ANDTRANSMISSION
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Fig. 22. Object-based compression of aerial video. Video is represented compactly by a background
mosaic and foreground moving objects. A terrain map may be transmitted to account for parallax
motion. The video is resynthesized at the receiver.

MPEG Comprassion al 37k Eltu.':-ul:

Fig. 23. Comparison of mosaic-based compression to MPEG-2 compression. Top row contains
example source frames from a sequence in which people enter a building. (The images are at
360x 240 resolution and temporally sampled by four, 7.5 frames/s). Mosaic based compression
is shown in the middle row, at an extremely low data rate, 16 kb/s. MPEG compression at twice
this data rate is shown in the bottom row. Despite its lower bit rate, mosaic compression provides
significantly better quality.

aircraft provides a basis for high performance “object-ori- and foreground components are decompressed and recom-
ented” compression. An example AVS compression schemebined at the receiving end to regenerate the video sequence.
is shown in Fig. 22 [59]. The source video is divided into Further compression can be achieved by adjusting mosaic
two components: the static background and foreground resolution and fidelity based on content. While targets and
moving objects. The background scene is represented as atheir surrounding regions are sent at the highest resolution
extended mosaic and, optionally, a digital elevation map. and free of compression artifacts, surrounding countryside
This achieves compression by removing redundancy presentan be transmitted at reduced resolution and quality. The per-
in consecutive video frames using frame-to-frame alignment formance gains enabled by this mosaic-based compression
and motion parallax computation. The background mosaic are substantial. A typical example comparing this method
is further compressed using standard intraframe codingwith MPEG-2 is shown in Fig. 23.
techniques, such as wavelet compression. The mosaic is
transmitted progressively as it is constructed. X. DispLAY

Foreground objects are segmented from the background

X _ One of the most challenging aspects of aerial video
and are transmitted separately as regions of change. Becauzgu

rveillance is formatting video imagery for effective
resentation to an operator. The soda straw nature of aerial
video makes direct observation tedious and disorienting.

these objects tend to be small in the image, the data require
for transmission is also small. At the ground, the background
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Fig. 25. Synopsis mosaic obtained while tracking a white truck

Fig. 24. Elements of a mosaic display. along a road. The appearance of the truck at multiple locations is
overlaid on the mosaic.

These shortcomings of video can be overcome, to alarge  The operator can also be given the ability to replay scene
extent, through the use of a “mosaic-based display.” Again, activities as “dynamic mosaics” as he or she would replay a
this makes use of the image processing functions and imag&ecorded video. However, now as video frames are replayed,
representations that serve automated video analysis on boarqqey are overlaid on the full background mosaic, so objects
the aircraft, but now to support human interpretation on the appear to move over the mosaic. Such dynamic mosaics en-
ground. hance perception by presenting activities in a larger scene

Elements of the mosaic display are shown in Fig. 24. The context.
mosaic display decouples the observer's display from the Finally, the mosaic display can provide the operator with
camera. An operator may scroll or zoom to examine one re- a convenient means for directing the camera and the overall
gion of the mosaic even as the camera is updating anothersurveillance operation. The operator can use a pointing de-
region of the mosaic. vice, such as a mouse, to designate targets on the display to

As a further step, the mosaic is reprojected to nadir view be fixated or tracked. If the mosaic is overlaid on a map or
and aligned with map coordinates. This provides a link reference image, the operator can use the pointing device to
between current video and known geographic information indicate regions of the scene to be scanned.
about the scene, such as maps, prior imagery of the area, and
names and classification data for specific cultural features XI. ARCHIVING

in the scene such as roads and building and natural features s ja) vigeo often needs to be recorded and stored for later
such as rivers and mountains. The current images can b&,5)vis. Raw video contains prodigious amounts of data,
overlaid on prior images or maps for direct comparison. The 1, vever, so itis costly to store. At the same time, very little of
imagery can be annotated automatically with the names of y;q \;ideo contains information that could be of later interest.
landmarks of interest. Simply storing video would make later access impractical,
As a further generalization, the mosaic can be overlaid on 35 3 human operator would need to search the database by
a terrain model of the scene, then rendered from an arbitraryreplaying video that was already tedious to watch when it
user selected viewing direction. In this way, the observer canwas viewed live. Thus, a practical archiving system needs
“fly through” the scene independently of the aircraft's own to provide effective video compression and indexing. The
motion. image processing techniques and image representations used
The techniques described thus far provide the operatorin the AVS systems for real-time analysis and display also
with an improved representation of the static background provide solutions to compression and indexing for archiving.
areas of a scene under surveillance. Extensions of these tech- A system for automatically generating video abstracts for
nigues provide improved representations of foreground scenearchiving and browsing is shown in Fig. 26 [61]. Source
activity as well. The locations of moving objects can be high- video and associated geo-location data are processed contin-
lighted on the mosaic display. As they move, their tracks can uously in real time. The video is first decomposed into scene
be represented symbolically as a sequence of lines or dotscuts, then each cut is represented as a mosaic for compact
or as images of the moving object itself inserted at regular storage. Targets and target tracks are stored with each mo-
time intervals, as shown in Fig. 25. This “synopsis mosaic” saic, as are geo-locations. The video may be indexed using
provides the observer with a summary of extended scene ac-attributes such as time, geo-location and spatial coverage, ap-
tivities that can be interpreted at a glance [60], [61] pearance of background or foreground objects, target tracks,
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Fig. 26. Video abstraction for storage.

[4]
etc. Synopsis mosaics and key frames may be used to effec-

tively browse through the video. [5]

XIl. CONCLUSION &

We have outlined an integrated systems approach to aerial
video surveillance. A small set of basic image processing
functions and image and meta-data representations have
been shown to serve all stages of AVS processing, from the
camera to onboard analysis, video compression, display, and
archiving.

We have divided AVS image processing on board the air-
craft into front-end and analysis stages. Roughly speaking,
front-end processing is at the signal level and characterized
by two spatial dimensions and time. Analysis, on the other
hand, is at an object and scene level and characterized by

(7]

(8]
El

[10]

(11]

three spatial dimensions and time. (12]
The most fundamental AVS image processing function [13]

is image alignment—alignment of successive image frames

and alignment of current frames to previously collected (4]

imagery. At the front-end stage of AVS processing, a moving

window of image frames is aligned to the current frame, [15]

then a set of space/time filters applied to this window serves

to reduce noise and background clutter, to generate attribute
and mosaic images and to detect moving objects. At the
analysis stage, image alignment serves to track moving
objects and to locate landmarks in the scene. Alignment
provides visual feedback to implement precise camera
control. Alignment to reference imagery is the basis for
geo-registration and provides the bridge between current
imagery and all previously collected information about
a scene that may be stored in a geographic information
database.

3-D scene analyses in AVS can be represented as parallax
maps, digital elevation maps, and site models. Generalized [21]
image alignment is used to recover these elevation maps and
site models from video. Pattern search and parallax com- [22]
pensation are then converted from 3-D to 2-D processing
by reprojecting images through the 3-D representations.
Frame-to-frame alignment and image integration is used
throughout the AVS system to generate mosaics. These
provide a basis for video compression, visualization, and
archiving.

[17]

(18]

[19]
[20]

[23]

[24]
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