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ABSTRACT
We consider the problem of cropping surveillance videos.
This process chooses a trajectory that a small sub-window
can take through the video, selecting the most important
parts of the video for display on a smaller monitor. We
model the information content of the video simply, by whether
the image changes at each pixel. Then we show that we
can find the globally optimal trajectory for a cropping win-
dow by using a shortest path algorithm. In practice, we can
speed up this process without affecting the results, by stitch-
ing together trajectories computed over short intervals. This
also reduces system latency. We then show that we can use
a second shortest path formulation to find good cuts from
one trajectory to another, improving coverage of interest-
ing events in the video. We describe additional techniques
to improve the quality and efficiency of the algorithm, and
show results on surveillance videos.

Categories and Subject Descriptors
I.4.8 [Image Processing and Computer Vision]: Scene
Analysis

General Terms
Algorithms

Keywords
Video cropping, Shortest path algorithm, Surveillance

1. INTRODUCTION
The use of video surveillance systems has been rising over

the past decade. Most recently, the need to improve public
safety and the concerns about terrorist activity have con-
tributed to a dramatic increase in the demand for surveil-
lance systems. The presence of these systems is very com-
mon in airports, subways, metropolitan areas, seaports, and
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in areas with large crowds. Modern video surveillance sys-
tems consist of networks of cameras connected to a control
room that includes a collection of monitors. Typical control
rooms have a much smaller number of monitors than cam-
eras and far fewer operators than monitors. The monitors
either cycle automatically through the cameras, or opera-
tors can manually choose any camera from the network and
display it on a selected monitor.

We are interested in the design of future control rooms,
and envision an architecture consisting of a large display
wall which acts as a single entity, as opposed to matrices of
independent monitors, or display regions with pre-specified
monitoring tasks, as in current state of the art control rooms.
The display wall assigns variable areas and locations to a
subset of the available videos from surveillance cameras.
The problems of determining what video to display, where
to display it and how to do that, are addressed as follows.
First, videos are “scored” according to their level of interest
to human operators. Then, the scores are used along with
other constraints (for example on minimum display dura-
tion once a camera is selected for display), to dynamically
control the mapping of videos to the display space. Intu-
itively, higher score videos will be assigned both larger and
more prominent parts of the display wall. Finally, we note
that assigning a video to its display area typically requires
resizing it. If the assigned space is small, simply reducing
the resolution of the original video might render its contents
to be illegible. Reducing the resolution is often needed also
to save bandwidth in transferring the video or saving it for
archiving purposes. In either situation, cropping the video
before resizing it results in videos that should be easier for
humans to interpret. An overview of this system’s archi-
tecture is illustrated in figure 1. This paper describes only
the video cropping components of the system, leaving other
components for future papers.

In surveillance applications, video cropping helps to fo-
cus the attention of operators on specific parts of the scene.
Activity occurring in the background or at corners of the dis-
play area might pass unnoticed by operators, due to other
activity in more prominent areas of the scene. The tradeoff
here is between the size of the cropped video and the infor-
mation loss. In scenes with several regions of simultaneous
activity, allowing the cropping window to jump occasionally
between these regions supports coverage of multiple activ-
ities, while keeping the resulting cropped video small. In
addition, it is crucial in surveillance applications to process
video online −as it becomes available− and cannot require
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Figure 1: Diagram of the proposed future control
room

the entire video to be available beforehand. These points
are amplified in the body of the paper.

We define the video cropping problem to be the determi-
nation of a smooth path of a cropping window that captures
“salient” foreground throughout the video. The window
can have variable size, which introduces virtual zoom-in and
zoom-out effects. It is allowed occasional jumps through the
video, similar to scene cuts in filmmaking. We use motion
energy as a measure of the “saliency” of a cropping win-
dow trajectory. Unlike previous approaches, we optimize
the saliency globally for the whole trajectory, rather than
for individual frames or shots, as follows.

First, the video is modeled as a graph of windows, with its
edge weights reflecting saliency captured by windows, effi-
ciently computed using integral images [16]. Then, a short-
est path algorithm finds the window trajectory that cap-
tures the overall maximum motion energy. The resulting
trajectory is smoothed to remove jiggles and staircase-like
appearance. This procedure is repeated several times on
the remaining parts of the video to capture the remaining
saliency. This results in obtaining a set of disjoint smooth
paths of cropping windows that capture as much saliency as
possible. A secondary optimization procedure produces the
final path by alternately jumping between the paths com-
puted earlier, selecting which one to follow at which time,
so as to maximize both captured saliency and covered re-
gions of the original video. Long videos are processed by
breaking them into manageable sub-videos, while allowing
overlap between consecutive subvideos, to produce smooth
transitions. Our algorithm is applied to a collection of real
surveillance videos. Several experiments are performed to
determine the optimal choices regarding issues such as where
to cut a video into sub-videos, the amount of overlap be-
tween them and how long a segment should be displayed
before jumping to another. Some display configurations are
compared, such as cropped video alone, side by side with
original video, or video-in-video (like commercially available

picture-in-picture).
We are mainly interested in surveillance applications. Typ-

ically, much more video than operators can observe is avail-
able. In addition, this video is unedited, and more impor-
tantly, not focused on any agent in the scene. This has
made our approach different from earlier approaches that
dealt with edited videos, such as movies, news reports, or
classroom video. In particular, our method offers the fol-
lowing contributions:

• a variable size cropping window which results in a
smooth zoom in/out effect,

• multiple cropping windows to cover more agents in the
scene,

• only a relatively short video segment needs to be pro-
cessed at a time −not the complete video− which makes
the algorithm an online algorithm, and

• we show empirically that by stitching together results
from short segments of a video, we get a result identical
to the globally optimal one, given the entire video.

The rest of this paper is organized as follows: Section 2
reviews related work. Then, the video cropping problem
is formally defined in section 3. In section 4, we present
our approach to solve the problem, while section 5 presents
the results. Finally, closing remarks and conclusions can be
found in section 6.

2. RELATED WORK
Research has been performed in the area of visual atten-

tion to detect salient areas in images and video from low-
level features. Itti et al. [11] use orientation filters in ad-
dition to color and intensity to detect salient parts of im-
ages. Later, Itti and Baldi extend this method to work with
videos, using a statistical model for time [10]. A probabilis-
tic approach is used by Kadir and Brady as a measure of
local saliency in images [12]. Their method is generalized
by Hung and Gong by including the time variable to quan-
tify spatio-temporal saliency in videos [9].

Many methods for cropping still images automatically have
been published. For example, Suh et al. [15] use Itti’s saliency
model, along with face detection, to crop informative parts
of images before reducing them to thumbnails. The same
model is also used by Chen et al. [2], with the addition of
text detection, to find regions of interest in images for adap-
tation to small displays. Xie et al. [18] study the statistics of
users’ interaction with images on small displays to determine
regions of maximum user interest.

Much less work has been done in the area of video crop-
ping, or detecting interesting space-time regions of a video.
Fan et al. [6] determine areas of interest in individual frames,
then combine them smoothly. Wang et al. [17] split surveil-
lance video into interesting and non-interesting sequences
using a threshold on their motion content. Non-interesting
sequences are zoomed out and transmitted/displayed at re-
duced frame rates, while interesting ones are displayed at
full frame rate and zoomed in to clusters of high motion
energy. Both of these methods are optimized locally and
need not produce videos that are globally optimal, in terms
of their saliency content. More recently, Kang et al. used a
space-time saliency measure to cut out informative portions
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of a video and pack them into a video of smaller resolution
and shorter duration [13]. This approach models videos and
processes them as a whole, making them unsuitable for rel-
atively longer videos, or for continuous surveillance video.

Liu and Gleicher [14] edit videos using a fixed size crop-
ping window. Since they focus mainly on editing feature
films, the window moves are restricted to pans and cuts
whose parameters are optimized over individual shots. To
keep the original structure of the film, the authors intro-
duce a set of heuristic penalties that limit the motion of the
cropping window. Although this approach works well with
professionally captured films, it may not generalize well to
unedited raw surveillance video, which generally have wider
fields of view, are not focused on a main subject, and con-
sist of a single shot. Another recent example of automatic
editing of specific types of videos is that of classroom video
editing. Heck et al. [8] find an optimal shot sequence, from
a set a virtual shots, that have been selected based on prior
knowledge of the scene and video content. These methods
also are not well suited to raw video.

3. PROBLEM DEFINITION
Given a video sequence, our goal is to determine a smooth

trajectory for a variable size window through the video, that
maximizes the captured saliency over all such trajectories
and window sizes. Occasional jumps are allowed to include
as much saliency as possible. More formally, we consider the
problem of optimizing a single trajectory. Assume the input
video segment has T frames. Each frame t can be covered by
a set of n variable size overlapping windows. These windows
are labeled Wi,t, with i being the window number, selected
from an index set I = {1, 2, . . . , n}. Define the cross product
set I = I × I × · · · × I = IT . Then, we want to solve the
problem:

arg max
Q

∑
t

S(Wi,t) (1)

where S(·) is a saliency measure, Q ∈ I is the window se-
quence that maximizes the saliency, and i ∈ I. It is more
desirable to minimize functions, thus, the saliency function
S(·) can be replaced by a cost function C(·) that decays
with increasing saliency. Model (1) doesn’t enforce spatial
smoothness. To guarantee a smooth path, windows in two
consecutive frames are restricted to be close to one another
and with little area variation. The problem is thus formu-
lated as:

arg min
Q

∑
t

C(Wi,t) (2)

such that: d(Wi′,t−1, Wi,t) < dmax

|A(Wi′,t−1) −A(Wi,t)| < Amax

where d(·, ·) is a distance measure and A(W ) is the area of
window W .

Our main contribution in this paper is that we optimize
globally, over the whole video, rather than locally for indi-
vidual frames, that are later combined. This approach max-
imizes the total captured saliency and provides smoother
results.

4. VIDEO CROPPING APPROACH
Solving problem (2) by trying all possible paths is pro-

hibitively expensive. Instead, we employ a dynamic pro-
gramming approach, using the following procedure. First,

Extract 
Motion 
Energy

Building
Graph

Wiping
Frames

Merging
Trajectories

Shortest
Path +

Smoothing

Video

Frames

Frames
Motion

Trajectories Cropped

Video

Figure 2: Overview of our approach to crop a video
segment.

motion energy is extracted through frame differences. Then,
we build a weighted directed graph, with the cropping win-
dows as its vertices, and edge weights measuring the motion
energy. A shortest path algorithm through the graph se-
lects the first optimal trajectory, which minimizes equation
(2). This trajectory is then smoothed, and the motion it
contains is “wiped out” from the original frames. This pro-
cedure is repeated to capture some of the remaining energy.
A second graph is built out of the resulting trajectories with
shortest path run once again to determine the optimal com-
bination of paths. In the final cropped video, one trajectory
is followed at a time, with occasional jumps between these
trajectories. For long videos, video segments are chosen to
overlap with their immediately preceding ones, and are pro-
cessed similarly. This allows smooth transitions between the
respective trajectories in each segment. The whole process
is summarized in figure 2. In the remainder of this section,
the above steps are presented in more detail.

4.1 Extracting motion energy
In our implementation, we use motion energy as a measure

of saliency. Earlier approaches [6, 14] used centered frame
saliency maps, face and text detectors in addition to motion
contrast, to crop movies and news. These detectors are too
specific to be used with surveillance video.

Motion energy is efficiently computed in real time, and
captures important activity in surveillance video. We com-
pute frame differences and threshold them to detect motion,
then apply morphological operations to the resulting motion
frames. In particular, the opening operation is applied to re-
move detected small noisy areas, then a closing operation
connects nearby fragments. The motion energy is computed
to be the number of 1’s in the resulting binary images. The
remainder of the algorithm works on these preprocessed dif-
ference frames.

4.2 Building the graph
The video is modeled as a weighted directed graph as fol-

lows. Let G = (V,E) be the graph. Each frame is sam-
pled by n overlapping cropping windows of various sizes.
Then, each window is represented by a vertex v ∈ V. This
makes the total number of vertices in the graph |V| = nT
for a video segment of T sample frames. The restrictions in
the problem formulation (2) are implemented by allowing a
window to move only to neighboring window positions, or
to grow or shrink by no more than one size step between
two consecutive frames. This translates to adding an edge
to E only if it connects a pair of vertices that represents a
pair of windows between which a step is allowed. For a cer-
tain ordering of the vertices V, the adjacency matrix of G is
banded. This is a sparse matrix that can be efficiently stored
using an adjacency list graph representation, to store just
the bands. With b � nT neighbors allowed per window, we
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Figure 3: Graph modeling the video.

Figure 4: Using window energy density as a measure
of motion energy favors smaller windows, cropping
away small parts of objects, such as heads in hu-
mans (left: original frame, showing the location of
the cropping window; right: cropped frame).

have a graph of O(nT ) edges. An additional “source” node
and a “target” node are added to the beginning and end of
the graph. A model graph is shown in figure 3.

To find a trajectory that maximizes the captured motion
energy, we need to define a window energy measure. Using
the total energy enclosed in a window always favors larger
windows, which makes the cropping useless. On the other
hand, using the energy density as a measure favors smaller
windows, which can be more densely filled, with little empty
space. This results in cropping away smaller parts of objects,
such as heads in humans, as is illustrated in figure 4. This
is definitely an undesirable result.

To balance both effects, we use an energy density mea-
sure, penalized by the total energy in a thin surrounding
belt. This is similar to center-surround representations (e.g.
Itti et al. [11]). It prevents the window from cropping away
parts of objects, making it large enough to fit a single “clus-
ter” of objects, while leaving distant ones for subsequent
trajectories to capture. The multi-scale energy function of
a window W is defined as:

E(W ) =
Ein

Ain
− 1

K
Ebelt, (3)

where Ein is the motion energy (number of 1’s) in window
W , Ain is the area of window W in pixels (i.e., the number of
pixels in W ), Ebelt is the motion energy in the surrounding
belt, and K is an empirically chosen constant, that deter-

E in

E belt

1

4 3

2

Figure 5: Cropping window configuration, with sur-
rounding belt area. The numbers represent the la-
bels of the inner (cropping) window’s corners.

mines how much penalty to assign to cropped away parts.
The diagram in figure 5 illustrates these parameters. Next,
the energy measure (3) is put in a form that can be min-
imized, to fit as a cost function C(·) in equation (2). In
addition, to suit the shortest path algorithm used, the edge
weights must be normalized to a non-negative integer range.
We choose this range to be from 0 to 100. If a transition is
allowed from vertex i to vertex j, an edge is added to the
graph with weight w(i, j) computed as:

w(i, j) =

⌊
100 − 100 max

(
Ej

Aj
− 1

K
Ebeltj , 0

)
+ 0.5

⌋
(4)

where Ej , Aj and Ebeltj are all related to the window rep-
resented by vertex j. The function �x + 0.5� rounds x to
the nearest integer. Ej and Ebeltj are computed by sum-
ming the motion pixels (1’s) for each window in each pre-
processed difference frame. This is a time consuming opera-
tion if performed in a straightforward manner. Instead, we
use integral images in a manner similar to Viola and Jones
in image analysis [16] based on an idea by Crow for tex-
ture mapping [3]. Given an image i(x, y), the integral image
ii accumulates pixels to the top and left of each pixel, as
defined by:

ii(x, y) =
∑

x′≤x,y′≤y

i(x′, y′).
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The integral image is computed in one pass using the two
recurrences:

s(x, y) = s(x, y − 1) + i(x, y) (row sum)
ii(x, y) = ii(x − 1, y) + s(x, y) (integral image)

s(x,−1) = 0 ; ii(−1, y) = 0

The integral image is computed once for every frame, then
every window sum, Ej , is computed using only 4 operations.
Thus, we avoid computing the cumulative sum for each win-
dow, which includes a lot of redundancy due to the overlap
between windows. Given a window with corners −→x1,

−→x2,
−→x3

and −→x4 in clockwise direction, starting from the top left (see
figure 5), the cumulative sum in that window can be com-
puted as:

ii(−→x3) − ii(−→x2) − ii(−→x4) + ii(−→x1).

4.3 Shortest path
The shortest path from the source node to the target

node is computed using Dijkstra’s algorithm [5]. Benefiting
from the special structure of this graph, some modifications
are introduced into the algorithm to improve performance.
Early termination can be achieved by halting the search pre-
maturely when the first vertex (window) in the last video
frame is reached, rather than waiting until all the vertices
in the graph are labeled.

Dijkstra’s algorithm is mainly slowed down by the search
for the closest vertex to the source, in a list of temporary la-
beled nodes, at each iteration. With N vertices in the graph,
the asymptotic running time of the algorithm is O(N2) or
O(N log(N)) depending on the data structure used to im-
plement the list of temporary labeled nodes. This running
time has been reduced in our implementation in two ways.
The multiplying factor is directly affected by the size of the
list of temporary labeled nodes. In our runs, we note that
the maximum number of nodes in that list, over all itera-
tions, is just around 1% of the total number of vertices in
the graph.

The running time is also reduced an order of magnitude,
from quadratic to linear in the number of vertices, using
Dial’s implementation [4]. In the original algorithm, Dial
stores temporarily labeled nodes in buckets, indexed by the
nodes’ distances. This makes the search for the minimum
distance node O(1). With C being the maximum edge
weight (100 in our graph), Dial’s original algorithm main-
tains NC + 1 buckets, which may be prohibitively large. A
remark made by Ahuja [1] reduces the space requirements
to only C + 1 buckets. During each iteration, the difference
between the maximum and minimum finitely labeled nodes
cannot exceed C. Hence, temporarily labeled nodes can be
hashed by their distance labels into just C + 1 buckets.

4.4 Smoothing
The shortest path resulting from the previous stage has

a noisy appearance, which can be best compared to a jit-
tery or shaking cameraman, from the point of view of the
cropped video. Two levels of smoothing are applied to the
trajectory. First, a moving average smoother is applied to
the trajectory. With y(t) being the original data (raw tra-
jectory) at time t and ys(t) the smoothed one, the difference
equation is:

ys(i) =
1

2N + 1
(y(i + N) + y(i + N − 1) + · · · + y(i − N)) ,

−3 −2 −1 0 1 2 3
−1.5

−1

−0.5

0

0.5

1

1.5

Data
Hermite
Spline

Figure 6: Piecewise cubic Hermite interpolation
performs better than cubic spline when the origi-
nal data is staircase.

where N is the “radius” of the span interval. This has the
effect of a lowpass filter, reducing the shaky appearance of
the trajectory. Truncating the result completely removes
any such artifacts, but results in a staircase-like appear-
ance. A second level of smoothing is done by interpolat-
ing a piecewise cubic Hermite polynomial to a sub-sampled
version of the data. This polynomial interpolates the data
points and has a continuous first derivative. However, un-
like cubic splines, the second derivative need not be contin-
uous. This property is more suitable for our staircase data,
since it avoids excessive oscillations. Figure 6 illustrates our
situation where Hermite interpolation produce more stable
results.

4.5 “Wiping out” captured motion
A single moving cropping window might not capture all

motion energy in the video. In situations where several
activities occur simultaneously in separated regions of the
scene, panning back and forth between these regions pro-
duces a blurry video that covers the mostly empty area be-
tween them. To solve this problem, we compute several
independent window trajectories, each covering a different
activity in the same video. Later, we show how to control
jumps between these paths. The window trajectories are
determined by repeating the above procedure of modeling
the video using a graph, computing the shortest path and
smoothing. Between two consecutive computations of win-
dow trajectories, all captured objects that overlap with the
first are removed from the motion frames. This “wiping”
procedure guarantees that an ensuing window path will not
cover parts of previously captured objects, thus avoiding two
similar trajectories.

4.6 Merging trajectories
Once enough window paths are computed, we merge them

into a single path that captures as much motion as possible,
and covers as many regions of the original video as possible.
Figure 7 illustrates an example solution to this problem.
After following a segment of a path for some period of time,
a jump to a segment of another path results in covering
another activity region, without panning through the scene.
This appears in the final cropped video as a cut.
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Figure 7: Example of merging three windows tra-
jectories. The horizontal axis represents time; the
thick lines are for the segments of the trajectories
picked at that time; and the dashed lines are for
times where jumps occur.

To compute the final merged trajectory, we solve a second
optimization that uses a shortest path algorithm through the
trajectories. A second graph G′ = (V′,E′) is built, with the
list of vertices V′ formed by concatenating nodes from all
computed trajectories. This list of nodes is duplicated k
times, with the ith copy of a node from path p representing
that this path has been followed for i steps (frames/nodes).
The number of frames after which a switch between trajec-
tories is allowed without penalty is k. This allows us to keep
track of how long (in frames) a single trajectory has been
followed.

There always exists an edge e ∈ E′ from every node to
the next node in the same path, and edges to next frame
nodes in the other paths if a “cut” is allowed at that time.
The weight function w′ is the cost associated with the rep-
resentative window in the original graph G, computed as in
(4), if the edge connects two nodes in the same path. How-
ever, if a path switch occurs, a penalty function is added
to that weight. Intuitively, a higher penalty is associated
with switches to closer trajectories, to favor more cover-
age of the original video, and to avoid “jumps”. Another
penalty is added to the window cost, that decays with the
time that has been spent following a certain trajectory. This
latter penalty inhibits frequent successive cuts, which might
distract the operator. These penalties are fractions of the
window cost, to make them comparable to the window cost
penalty (2) in the global optimization. They are determined
empirically, based on runs conducted on several videos. We
also noticed that these penalties are consistent with film-
makers’ heuristics, who might use frequent cuts purposely
only when special “pacing effects” are required. Similarly,
filmmakers would avoid a cut to a nearby location, which
is known in cinematography as a “jump cut”. These rules
have been followed in feature film editing [14] when creating
virtual cuts.

4.7 Processing long videos
Real-time surveillance applications require online process-

ing of video. Additionally, available processing resources
constrain the longest video that can be processed as a whole.
Our approach allows us to process long videos by break-
ing them into segments, with some overlap. Each segment
is processed separately, resulting in consecutive overlapping
trajectories. By piecing together corresponding paths from
each segment and removing the overlap, continuous smooth
trajectories result. This is further discussed in the section
on results, where experiments are performed to determine
appropriate locations to break the video into segments and
the amount of overlap needed for smooth transitions.

4.8 Video display
Several display methods for the resulting cropped video

are considered. The most obvious is just displaying the
cropped region. This is the most space efficient but may
result in seeing the cropped video out of its context. To
keep both context and content, we display both the origi-
nal and cropped videos side by side, with the original one
shrunk to fit the display space. This display method is not
space efficient, though.

To display context, while keeping a reasonable video size,
we suggest a video-in-video display style. The familiar style
is to display the “sub”-video (cropped video here) in a cor-
ner of the “full” video. In our approach, we find the optimal
display location automatically while computing the short-
est path. It is chosen to be largest border window, that
covers the minimum activity in the video. In terms of our
implementation, this is the largest window on the border
that contains the least motion energy. The video-in-video
window is of fixed size and location, but can be allowed oc-
casional changes over longer periods of time.

5. EXPERIMENTAL RESULTS
We have applied our approach to several surveillance videos.

Typical cropped frames from an airport surveillance video
(three-window) and from a traffic intersection video (two-
window) are shown for fixed size cropping, in figures 8 and
9 respectively. For now, the number of cropping windows
is manually selected for each video to cover all people who
appear in the scene, occasionally jumping between them.
The figures illustrate single frames in which only one crop-
ping window is displayed. Variable-size single-path win-
dows, video-in-video and multi-camera display are shown
in figures 10, 11 and 12.

We have timed the performance of our system on the air-
port surveillance video. This is a high quality 720×480, 30
fps video. Excluding background subtraction and disk oper-
ations, which are done at independent stages, we were able
to process a 66 second video segment (2000 frames), as a
single segment, in about 400 seconds, for a fixed-size, single-
trajectory window. This is equivalent to processing about 5
frames per second. Lower resolution videos (320×240) can
be processed at almost real-time rates. Experiments are
done on a 2.8 GHz dual processor CPU with 1 GB of mem-
ory. Using a variable size window with 6 size steps multiplies
the size of the problem by a factor of 6, thus dramatically
reducing the processing speed to about 0.88 fps. Computing
more trajectories reduces the processing speed even further.

A key contribution of our system over previous approaches
is that it is able to process segments of video sequentially,
eventually allowing for processing flows of input video on-
line. This makes our system able to process surveillance
video online, without the need to have the whole video
available completely before processing. This feature, along
with the processing rates for the basic fixed-size window
low-resolution video cropper, makes it useful for real-time
surveillance systems. We hope that more efficient imple-
mentations and faster hardware will allow the full feature
variable-size multi-window cropper to work in real-time in
the future.

When splitting a long video into segments, we compare
the solution, i.e. cropping window path, to that obtained if
the complete video is processed as a single block. Experi-
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Figure 8: Four typical frames from an airport surveillance video, with three trajectories and fixed window
size. In each frame, the original video frame, showing the locations of the cropping windows, is to the left
and the cropped frame is to the right, resized to the original’s height.

Figure 9: Two typical frames from a traffic intersection surveillance video, with two trajectories and fixed
window size. In each frame, the original video frame, showing the locations of the cropping windows, is to
the left and the cropped frame is to the right, resized to the original’s height.

Figure 10: Variable size single trajectory results. Compared to the fixed size results, less empty area is
retained around small cropped objects.
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Figure 11: Video-in-video results: the cropped video location is selected automatically

ments carried out on several videos show that window paths
obtained by processing a sequence of subvideos are identical
to those obtained by processing the longest video that could
fit in memory as a whole.

Processing video segments individually results in small
jumps when piecing the resulting cropping window paths
together. To obtain smooth transitions between consecutive
segments, the locations to split the video should be carefully
selected. In addition, some amount of overlap is required be-
tween segments, to obtain a transition at the closest point
between window paths. Two sets of experiments are de-
scribed in the following subsections. The first one deter-
mines the best locations to split a video into segments, and
the second one determines the amount of overlap required
between segments to obtain smooth transitions.

5.1 Splitting a long video into segments
The first problem to be solved is to find where to split the

video into segments. The rule of thumb here is to avoid split-
ting the video at a point where little or no activity occurs.
This might result in a large discontinuity of the window
path at the split point. Regardless of the overlap between
the consecutive segments (see next section), choosing the
split point inappropriately might still cause discontinuities.
Our experiments for fixed-size cropping windows show that
a split at any time where significant motion is detected will
result in smooth transitions. Figure 13 illustrates a situa-
tion where a video is split into two segments during a period
of very little motion energy. This results in a large jump at
the split location, despite the long overlap region between
the two segments. The x-coordinate of the center of the
cropping window is shown on the vertical axis, along with
the motion energy content, normalized to a scale of 300, for
visualization. The solid line represents the result of process-
ing a one-minute-video segment as a whole, and the dashed
lines are for the results of splitting in two sub-segments.

5.2 Overlap in video segments
Once the locations at which to split the video are cho-

sen, the amount of overlap between these segments has to
be determined. A compromise has to be made between
smoothness, requiring longer overlap, and efficiency, requir-
ing shorter overlap. Many experiments were conducted to
determine average and shortest overlaps for which smooth

transitions can still be obtained. We first start with the fixed
size window case. For all the videos considered, a maximum
of 20 overlap frames was required. By tracing the short-
est path algorithm, we record for each node the last frame
(largest time index) that was processed to determine the
node’s distance from the source node (depth in graph). In
Dijkstra’s shortest path algorithm, once a node’s distance is
permanent, a shortest path passing through it is not changed
any further (although the path itself is not determined un-
til the backward pass). This property indicates how much
video needs to be processed ahead to compute the final tra-
jectory. We found that no more than the nodes of 18 frames
ahead are needed to compute the vertices’ permanent dis-
tances, hence, the shortest path. Experiments carried out
for the variable window size case show that longer overlaps
are required. In some situations, we were able to obtain
smooth transitions for 50 frame overlaps, but more experi-
ments still need to be done to determine requirements for a
smooth result.

To further illustrate the point of segment overlap, figure
14 shows a fixed-size-window shortest path computed for
a 1000 frame video (solid), plotted against shortest paths
for sub-videos (dotted), starting at the same frame (source
node) but ending much before the original video. The dis-
crepancies are found in the range of 8-12 frames. Figure 15
shows a 1000 frame video that serves as ground truth. It is
split into five 200-frame-segments with 40 frame overlap on
each side. The cropping window trajectories obtained using
each method are plotted against each other. Again, differ-
ences between the two trajectories are found not to exceed
20 frames around split points. Elsewhere, the two solutions
are identical. This shows that our method tends to compute
trajectories that are globally optimal, even though we are
processing video segments individually.

6. CONCLUSIONS
Modern surveillance systems contain so many high reso-

lution videos that it is not possible for operators to view
them all. Automatic systems that select the most relevant
portions of the video will make it possible to display impor-
tant parts of the video at higher resolution. To do this, we
have created a system that crops videos to retain the re-
gions of greatest interest, while also cutting from one region
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Figure 12: Multi-camera display issues should be
addressed in later work. Original video to the left;
cropped video to the right.

of the video to another, to provide coverage of all activities
of interest.

At the core of our system is the use of a shortest path
algorithm to find the optimal trajectory of a sub-window
through a video, to capture its most interesting portions.
This relies on a measure of interestingness using a center-
surround operator on the video’s motion energy. By nor-
malizing this operator for scale, we produce trajectories that
alter the zoom of the sub-window, allowing us to smoothly
track objects as their apparent size changes. These methods
allow us to find a globally optimal trajectory, given access
to the entire video. In practice, we show that we can pro-
cess the video a few seconds at a time and obtain results
identical to the globally optimal solution, but with much
less processing time and latency. In addition, we smooth
the trajectory of the cropping video, to reduce unpleasant
artifacts. We also show that we can compute a number of
independent trajectories, and use a shortest path algorithm
to find the best way of cutting between these. This produces
a cropped video in which we pan across the original video,
following objects of interest, with occasional cuts to display
different objects.

We plan additional work to improve upon these results in
the future. First, in this paper we have focused on finding
algorithms that can maximize the amount of information
extracted from videos by cropping and cutting. We plan to
perform user studies to determine the extent to which this
can assist an operator in performing a real surveillance task
(some relevant user studies of related systems can be found
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Figure 16: A cropped frame resulting from panning
across a largely empty scene (left: original frame,
showing the location of the cropping window; right:
cropped frame).

in [6, 7, 17]). User studies will also allow us to assess the
importance of parameters that affect video quality, such as
the frequency of cuts or the smoothness of trajectories. We
also plan to explore the use of temporal cutting, in which
we eliminate frames in which not much is happening (see
figure 16). This will be particularly important in large scale
systems that cycle through many videos.

Our work is based on an overall vision for control rooms
of the future, in which a system determines which portions
of which videos are most relevant to a surveillance task, and
maps these to large displays. Such a system will combine
automatic processing and user input to help operators focus
on the most relevant visual nuggets from a huge sea of vi-
sual information. This paper contributes to that vision by
showing how to use tools from optimization to find the most
important portions of a video.
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