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1. Introduction

Surveillance cameras are becoming more commonplace in public environments, as
well as finding use in private security and military operations. We are particularly
interested in scenarios where a single pan-tilt-zoom (PTZ) camera is used to
perform surveillance in large outdoor environments, which may include 360◦

horizontal coverage and depths out to 1 km or more. These scenarios exist in many
environments such as security for building exteriors, airports, highways, parking
lots, and property perimeters; anomaly detection in dense urban environments; and
surveillance in military overwatch missions. In environments with many vertical
obscurations (e.g., trees and buildings), ground-based cameras will need to be
carefully located to provide long-range views. As the elevation of the camera is
increased above the ground level, by placement on tall poles or building rooftops,
for example, obtaining views of distant regions becomes easier.

Imagery from these cameras may be used to detect objects and events of interest,
either via human operators or automated processing. Many of these cameras have
the capability for an operator to pan, tilt, and zoom the camera optics to view
focused regions of an environment in high detail, allowing both wide-area and
long-range surveillance. With the proliferation of surveillance cameras, however,
it is becoming impracticable for human operators to monitor and control all
installed cameras. Intelligent, automated algorithms are needed to replace the
human operators. It is not sufficient to simply repeatedly scan an environment with
a PTZ camera set to a high zoom, as this is unnecessary for parts of the environment
in the near field as well as in areas that cannot possibly contain objects and events
of interest. Furthermore, the time to perform a high-zoom scan is excessive and
may cause long delays in revisit times, increasing the chances of missing important
events.

We introduce here the formal PTZ Search Problem (PTZSP). In the PTZSP, a fixed
PTZ camera starts at a given PTZ position and must move through the continuous
3D space of PTZ coordinates to detect as many objects of interest as possible as
quickly as possible. Reward is given for true positives, deducted for false positives
and false negatives, and deducted for the time spent performing the search. When
the PTZ space is discretized, the PTZSP is closely related to the Orienteering
Problem with Functional Profits (OPFP).1 However, the huge size of the discretized
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search space makes the problem intractable for all existing OPFP algorithms.

There are no existing benchmarks on which to develop, evaluate, and compare
algorithms for the PTZSP. Creating such benchmarks is difficult because each run
of an algorithm may acquire a different set of images of the environment, and one
cannot expect to record in advance all possible views of a real environment. To
remedy this problem, we have created a high-fidelity simulation of a state-of-the-
art object detector2 as it would perform on real color camera imagery, and have
integrated this with a small and accessible simulation of PTZ cameras operating in
large outdoor environments. The combination enables researchers an easy means
to develop and compare algorithms for the PTZSP. We present details of the
simulations, describe three algorithms for solving the discretized PTZSP, and then
analyze the performance of each algorithm on a set of 100 reproducible test cases.

2. Related Work

Dual-Camera Systems

Dual-camera (a.k.a., master-slave) systems (e.g., Hu et al.,3,4 Scotti et al.,5 and
Tarhan and Altug6) use two cameras, the first being a fixed, wide-angle camera
that performs initial object detection over the full region of interest (ROI) and then
cueing of a second camera, a PTZ, to obtain higher-resolution data on detected
objects. The main drawback of dual-camera systems is that there may be too few
pixels on distant objects for reliable detection in the fixed, wide-angle camera
images using appearance-based methods (e.g., you only look once [YOLO]), so
other features, such as motion, are necessary. But then, distant, stationary targets
will likely not be cued for viewing by the PTZ camera.

Hierarchical Object Detection

Some existing object detection approaches search for objects in a given image in a
hierarchical, coarse-to-fine fashion using a virtual PTZ camera. For example, Bueno
et al.,7 Wu et al.,8 and Caicedo and Lazebnik9 use deep reinforcement learning to
train an agent to iteratively refine the position of an object bounding box. Wu et
al.10 detect airplanes and ships in high-resolution satellite images by first detecting
airports and seaports in a reduced resolution image, and then focusing attention
around these regions for the plane and ship detection. These problems differ from
ours in that the image data is static throughout the search process and there is
no consideration for the time required to change the focus of attention. More
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importantly, they do not require simultaneous solution of shortest path problems,
which are believed not to have any polynomial-time solutions.

Information-Theoretic Scene Exploration

Sommerlade and Reid11 and Salvagnini et al.12 use information-theoretic
approaches for PTZ camera surveillance. These methods balance the conflicting
demands of exploration versus exploitation by maximizing expected information
gain on each camera observation, but they do not address time constraints due to
physically changing PTZ camera parameters.

Orienteering with Functional Rewards

The classic orienteering problem (OP) is a routing problem where the goal is to find
a route that visits a subset of available nodes such that the route collects maximum
reward but does not exceed a specified length or time budget.13–17 Mukhina et al.1

extend this problem to one with functional profits (OPFP), where the score of a
specific node depends on its position in the route and on what other nodes are also
in the route. One may consider discretizing the 3D PTZ space of the PTZSP into a
finite set of nodes and then applying OPFP algorithms. Unfortunately, the size of
the discretized PTZ space may be 10 million nodes or more,* which would make
application of existing OPFP algorithms infeasible.

Learning Where to Look in High-Resolution Images

A few previous works have addressed the problem of learning where, in a high-
resolution image, to look and process in order to achieve computational efficiencies
without sacrificing accuracy of classification or detection tasks. Some methods18,19

apply supervised learning with human gaze data to learn focus of attention
models. Others20–22 learn similar models using reinforcement learning. All of these
approaches assume that a complete high-resolution image is provided at the start
and that there is no time penalty for moving the focus from one area to another, two
assumptions which are not valid for PTZ search problem.

*To allow full flexibility in selection of PTZ camera positions, all discrete pan-tilt positions
must be allowed independent of camera zoom. It is up to the planning system to select the most
informative PTZ positions. Therefore, a 180◦ × 45◦ horizontal by vertical field of regard, quantized
into 0.1◦ cells, with 10 discrete camera zoom settings, would result in 1800×450×10 = 8, 100, 000
nodes.
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3. Approach

In this section, we first formalize the particular PTZ visual search problem that
we address (Section 3.1), and then describe simulations that are used to train and
evaluate proposed algorithms (Section 3.2). This is followed (in Sections 3.4–3.6)
by descriptions and pseudo-code of four visual search algorithms: a quadtree search,
two variations of a genetic algorithm search, and a traveling salesman problem
(TSP) search. The latter three of these four algorithms use estimated depth to predict
optimal camera zoom across ROIs. Our approach for predicting optimal zoom is
described in Section 3.3.

3.1 Problem Formulation

The visual search system, using a single PTZ camera, attempts to maximize target
detection precision and recall of all PTZ-detectable targets within a fixed range of
PTZ camera pan ψ ∈ [ψmin, ψmax], tilt θ ∈ [θmin, θmax], and zoom z ∈ [zmin, zmax],
while simultaneously minimizing the total time to acquire and process these images.
We define a target to be PTZ-detectable if there is some valid camera pan, tilt, and
zoom setting producing an image in which the target can be detected with high
confidence. For the current work, we assume that the PTZ camera is stationary
(other than pan, tilt and zoom), and that all targets in the environment are stationary.
This latter assumption means we do not have to be concerned with tracking moving
objects.

A PTZ camera’s zoom is adjusted by changing the focal length of its lens, which
results in changes to the camera’s horizontal and vertical fields of view. The
horizontal field of view (HFOV) of this camera is an angle ζ ∈ [ζmin, ζmax]. The
vertical field of view (VFOV) is determined given the camera’s HFOV and its image
aspect ratio. For the remainder of this report, instead of using “zoom” to reference
camera focal length, we use it to mean the camera HFOV. The use of HFOV instead
of focal length allows more concise specification of our algorithms.

A local environment model, M, is a collection of cylindrical panoramic images,{
I ∈ RP×T

}
, describing properties of the local environment E that are partially

observable by the PTZ camera. The panoramics in M may be created by mosaicking
imagery derived from the planar PTZ camera images.23 These images are indexed
by discrete pan and tilt coordinates, (p, t), and each image spans the entire region of
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interest of the visual search. We assume that each cell I[p, t] of a model panoramic
represents some property of a△s×△s solid angular region of the environment. M
may include information such as terrain class, depth, target presence, as well as the
smallest camera HFOV used so far to view each part of the environment. Because
the PTZ camera center is fixed during a visual search event, this 21

2
D, viewer-

centered collection of cylindrical panoramic images is a sufficient representation
of the local environment; a more complex 3D model is not necessary.

For NP = (ψmax−ψmin)/△s, integer-valued pan coordinates, P = {1, . . . , NP}, index
into a quantized pan space

[ψmin, ψmin +△s), [ψmin +△s, ψmin + 2△s),
. . . , [ψmin + (NP − 1)△s, ψmax] .

And for NT = (θmax−θmin)/△s, integer-valued tilt coordinates, T = {1, . . . , NT},
index into a quantized tilt space

[θmin, θmin +△s) , [θmin +△s, θmin + 2△s) ,
. . . , [θmin + (NT − 1)△s, θmax] .

The space of camera HFOVs is also quantized and indexed by integer-valued
HFOV coordinates Z = {zmin, zmin + 1, zmin + 2, . . . , zmax} corresponding to
actual camera HFOVs

{zmin△s, (zmin + 1)△s, (zmin + 2)△s, . . . , zmax△s}

where zmin = ζmin/△s and zmax = ζmax/△s. With the previous definitions, our pan,
tilt, and HFOV coordinates all index into spaces uniformly sampled by△s.

We assume that the local environment model M includes a color panoramic image,
C, a depth panoramic, D, a target probability panoramic, T , and an HFOV
panoramic, Z: M = {C,D,T ,Z}. For (p, t) ∈ P × T , C[p, t], D[p, t], T [p, t],
and Z[p, t] give the mean color, maximum depth, target probability, and smallest
previously applied camera HFOV, respectively, for the △s × △s region of the
environment indexed by (p, t). C comes directly from the PTZ camera color
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images. The estimated depth, D, may be generated from a known camera pose
relative to a local terrain model, from an auxiliary depth sensor such as a LIDAR,
or by applying any monocular depth estimation algorithm24 to the color images.
The target probability, T , is obtained by applying any target detection algorithm
(e.g., Bochkovskiy et al.,2 Ren et al.,25 Cetinkaya et al.,26 and Tong and Wu27)
to the color and depth images and then using learned performance statistics to
estimate the probability that a real target is present given the detection confidence
(Section 3.2.3). The HFOV panoramic, Z, records the smallest HFOV used to view
each part of the scene.

The panoramics in M are updated after each PTZ camera image is acquired. For
simplicity, we approximate PTZ camera views as samples over rectangular regions
in the space P × T of pan-tilt coordinates.* A PTZ view at position (p, t, z) ∈
P × T × Z requires images in M to be updated at all cells (p′, t′) in a rectangular
grid centered at (p, t) of width z and height h = ρ · z, wherever z < Z[p′, t′],
where ρ = nr/nc is the camera image aspect ratio. That is, a cell in the current
view is updated only when the current view provides a higher resolution (smaller
HFOV) image of that cell than any previous views. After updating M, the visual
search algorithm chooses, based on the current environment model and position of
the camera, the next PTZ location to view, or ends the search process. An outline of
a generic visual search algorithm is shown in Algorithm 1.

Algorithm 1 Basic visual search.
v ← (p0, t0, z0)
Initialize M
repeat

v ← NextView(M,v)
if v ̸= ∅

I ← CameraImage(v)
M← Update(M, I,v)

until v = ∅

The path that a PTZ camera takes during a visual search event may be represented
by a sequence r = ((pi, ti, zi) , i = 0, . . . , n) of |r| = n+1 PTZ coordinates where
(pi, ti, zi) ∈ P×T×Z and where (p0, t0, z0) is the initial camera position. r defines
the camera’s path through the discretized 3D PTZ space as an ordered sequence

*In reality, a rectangular pinhole camera image maps to a distorted rectangle on a cylindrical
panoramic, with increasing distortion for tilt angles farther from the orthogonal to the cylinder’s
vertical axes.
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of PTZ destinations. The system iteratively moves the camera to each destination,
acquires and processes a single image, updates its environment model, and then
decides on the next PTZ position to view. The time needed to traverse this path and
acquire and process images at all destinations is approximated as

t (r) =

|r|∑
i=1

(√
c1△p2 + c2△t2 + c3△z2+c4

)
(1)

where △p = pi−1 − pi, △t = ti−1 − ti, △z = zi−1 − zi, constants c1, c2, and c3
determine the PTZ unit’s pan, tilt, and zoom speeds, respectively, and c4 is the time
required to process a single camera image.

The value of a camera path r in an environment E, denoted VE (r), is a function of
the time required to execute the search, t (r), and the accuracy of predicted target
locations as given by Tf , the target probability panoramic produced in the final step
of the search. The F-score28 is commonly used to measure target detection accuracy:

FE (r) =
2× Precision(Tf )×Recall(Tf )

Precision(Tf ) +Recall(Tf )

where an appropriate threshold is applied to Tf to determine target positive and
negative instances. Precision and recall, however, are typically not known for
live, real environments; FE (r) may be used for algorithm training and evaluation
when ground truth is known, but not for planning live visual searches in real
environments. For the live, on-line visual search planning problem, the target
location accuracy is replaced with the target uncertainty. This is computed as the
sum over all pan-tilt positions in P × T of the target entropy:

HE (r) = −
∑
p∈P

∑
t∈T

[Tf [p, t] log2 (Tf [p, t])

+ (1− Tf [p, t]) log2 (1− Tf [p, t])].

(2)

Then, the on-line visual search problem is to find a camera path r that maximizes
the function

VE (r) = −HE (r)− αt (r) (3)
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where α is a constant scale factor.

Complexity of the Visual Search Problem

We note that the OP reduces to PTZSP, the optimization problem considered in this
report. Loosely, this reduction can be established by (1) replacing each node from
the OP with a target object (there will be no clutter objects), (2) assigning 2D pan-
tilt coordinates to each target such that inter-target distances are a constant scale
factor of the original OP inter-node distances, where the scale factor is chosen so
that all inter-target distances are greater than zmin, (3) using a detector that classifies
an object with probability 1.0 if the camera HFOV is zmin, and probability 0.5

otherwise, and (4) setting c1 = c2 = 1 and c3 = c4 = 0 in Eq. 1 (so path length
is the 2D Euclidean distance). The optimal solution to the OP instance can be then
be inferred from the optimal PTZ path. We are skipping the details of this routine
conversion between these two optimal paths in the interest of space. A generic OP
instance can be cast as a simplified version of the visual search problem considered
in this report. As OP is Nondeterministic Polynomial-time (NP)-hard,13 the Visual
Search Problem considered in this report must also be NP-hard.

3.2 Environment Simulations

Our visual search algorithms have been developed and evaluated using a
combination of two different urban simulators. The first is a procedurally generated,
quasi-photorealistic,* 3D urban environment simulator that is used to learn a
performance model of a pre-trained YOLO real-time object detection algorithm2

on PTZ camera imagery of cluttered, large depth-of-field environments. Using this
object detector performance model, a second, much faster, but non-photorealistic,
2D simulator of urban panoramic imagery is used to train and evaluate the proposed
visual search algorithms. The 3D and 2D simulations, and the learned object
detection models, are described in more detail in Sections 3.2.1, 3.2.2, and 3.2.3,
respectively.

3.2.1 3D Environment Simulation

Each run of the 3D simulator generates a new random urban environment. The
placement of objects into the environment is done in Python and rendering is

*By quasi-photorealistic we mean that all objects in the simulated environment are
photorealisticly rendered, but that the complexity of the simulated environment may be less than
that found in real-world environments.
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performed using the open source Visualization Toolkit (VTK).29 A single ground
texture is placed onto a flat ground plane; roads are randomly laid out on a
grid; buildings are placed near roads; fences and walls, plants, trees, animals,
people, airborne objects, vehicles, and other miscellaneous objects are added in
appropriate open spaces; some people are placed inside of buildings to look out of
semitransparent windows; and finally, a sky with moving clouds and a background
surrounding the entire region are added. Figures 1 and 2 show a few images of some
3D environments.

All objects in these 3D environments are created by texture mapping planar surfaces
with cutouts from high-resolution digital photographs. This enables any 3D object
to be easily inserted into our simulation given just a photograph of the object
and a corresponding image with labeled object pixels. Some example texture
cutouts are shown in Figure 3. For objects that are not naturally planar, such
as people, cars, plants, and trees, the simulator rotates the cutouts about their
vertical axes so that their normal vectors point toward the camera; This prevents
unnatural foreshortening distortions and ensures these objects are photorealisticly
rendered. Dynamic objects, such as people, animals, and airborne objects, can be
set to move with semirandom linear motion, while plants and trees exhibit small
oscillatory motions. In addition to color PTZ camera imagery, pixel-accurate depth
and semantic labels are available for use as ground truth data. This approach to
creating 3D urban models has one main disadvantage compared to true 3D models:
all real-life nonplanar objects appear the same, up to scale, from any viewpoint. This
problem is addressed by including photos of nonplaner objects taken from different
viewpoints.

3.2.2 2D Environment Simulation

For a PTZ camera in a fixed location, properties of the 3D environment relevant
to the visual search problem (such as depth from the camera, terrain class, and
target presence) can be indexed using a pan-tilt coordinate system. The 2D urban
simulator is therefore built around simulating panoramic images where column and
row coordinates represent pan and tilt angles, respectively. In all of our experiments,
panoramic images are 1800×350 in size corresponding to a 180◦ pan range, 35◦ tilt
range, and a sample spacing of△s = 0.1◦ in both pan and tilt angles. The value of
△s is application dependent and roughly indicates the accuracy required of pan-tilt
positions to accomplish the goals of the system. Let the camera image resolution,

9



Fig. 1 Images of simulated 3D urban environments: birds-eye view (top) and ground-view
(bottom)
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Fig. 2 More images of simulated 3D urban environments. Closeup of person (top) shows
photorealism of simulation.
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Fig. 3 Some planar texture cutouts used to create the 3D urban model (not to scale). Note that
some windows in building textures are semi-transparent (e.g., the lower rightmost building
texture), enabling partially obscured views of people inside of buildings.
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Fig. 4 A simulated panoramic image of an urban environment. Pixels are colored according
to depth from the camera (blue is close, red is far), except red and gray rectangles, which
represent targets and clutter, respectively. Objects on buildings simulate people looking out
windows. Many targets and clutter exist at distant locations in the model but are not visible
until the camera zooms in on those locations.

in pixels, be nr × nc. Starting with a flat ground model and a PTZ camera whose
vertical axis is a small random deviation from the orthogonal to the ground plane,
an approximate model of an urban environment is created by projecting the ground
plane depths into the panoramic image and then placing nonintersecting rectangles
of constant depth at random locations in this image. The sizes of these rectangles
are normally distributed with parameters dependent on the depth of the supporting
surfaces (i.e., their distances from the camera) and the type of object represented by
each rectangle: either building, target, or clutter.

In this report, "clutter" refers to any non-target object in the scene for which there
is some value of camera zoom which, when used to view the object, results in a
detection on that object with a positive confidence of the object being a true target.
We need to explicitly represent clutter because a real object detector does not only
respond to objects in its training set, but also to objects that it was not trained to
detect, especially in parts of the scene imaged at low spatial resolution (e.g., distant
regions). What is clutter depends on the object detector, not some inherent property
of objects in the environment. If there was no clutter, any response from the object
detector, no matter how weak, would have to be on a true target, and this would
greatly eliminate the need to zoom in on objects to confirm their true classification
(target or clutter).

Figure 4 shows an example of a randomly generated panoramic model of an urban
environment. This 2D urban simulator does not attempt to model all nuances of real
urban environments, but we feel these models are complex enough to evaluate PTZ
visual search algorithms, and the ease of generating and using them outweighs their
shortcomings.
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3.2.3 Modeling the Object Detector

In order to use the 2D simulator to evaluate our algorithms, we must have a model
of the YOLO object detector that can be applied to the simulated 2D scene in
such a way that the model’s behavior closely replicates the behavior of YOLO on
real images of 3D objects. Our process for accomplishing this is described in this
section.

The first step is to learn a mapping, given resolution and confidence arguments, to
zoom- and depth-independent target probabilities. For any cell (p, t), we assume
that we can obtain an estimate of the environment’s depth, d (p, t), within that cell.
With this, we estimate the ground resolution of that cell when viewed with zoom z,
denoted r(p, t, z), in pixels per meter (ppm), which is the number of camera image
pixels that one horizontal meter in the scene at depth d (p, t) projects onto

r(p, t, z) =
1

d(p, t) tan(z△s/nc)
.

The accuracy of image-based object detectors is often characterized in terms of
this resolution parameter; this is related to “pixels on target,” but is more broadly
applicable to both target-like objects (targets and clutter) as well as background
scenery. r(p, t, z) is one of the arguments in the target probability map. The second
argument is the target detector confidence.

The target probability mapping is learned by observing objects in a wide range
of settings using the quasi-photorealistic 3D simulator. The process repeatedly
generates random 3D environments, selects random camera placements in each,
and then scans the environment with the PTZ camera set to a few different zooms.
The YOLO object detector is applied to the set of generated images using a very
low confidence threshold (0.01) to generate large numbers of detections. Ground
truth imagery for all partially visible true targets is used to identify which of
these detections are true positives or false positives, and also to augment with
false negatives. Duplicate detections (with high Intersection Over Union [IoU]) are
removed and a pan-tilt location is assigned to each object in this list, which we
call the key detections. Then, the pan-tilt location of each key detection is viewed
with the camera zoom set to 11 equally spaced values over the camera’s full zoom
range. The detector is applied to each of these images using a very low threshold,
cmin = 0.01, on the detection confidences, and then the detection confidence of
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(a) (b)

(c) (d)

Fig. 5 YOLO performance model. (a) Interpolated YOLO confidence samples on true
targets. (b) Interpolated YOLO confidence samples on clutter. (c) Histogram of interpolated
target confidences on true targets. (d) Histogram of interpolated target confidences on clutter.

each key detection location is recorded along with the ground resolution (ppm).
The 11 detector confidence values of each key detection are interpolated to produce
a piecewise linear curve mapping ground resolution to detector confidence. Any
missed true targets are assigned a detection confidence of zero. Figure 5 shows the
generated detector confidence curves and histograms for true targets and clutter. The
histograms P (c, r | T ) and P (c, r | C) are discretized to 101 detector confidence
values (c) in [0, 1] and 801 ground resolution values (r) in [0, 800] ppm, and then
normalized to sum to one. In the following, we use T to represent the event that a
target is present at the location in question, C the event that clutter is present, B the
event that only background is present (neither clutter nor target), and D the event
that there is a detection at that location. We see that YOLO produces mostly high-
confidence (> 0.9) detections of true targets for ground resolutions of 50 ppm or
higher, but there are many targets where this is not the case due to partial occlusion,
over zoom on nearby targets, or objects with similar appearance to targets (e.g.,
statues of people). Conversely, detections on clutter are usually low confidence
(< 0.1) for ground resolutions of 50 ppm or higher, but some clutter objects trigger
high-confidence detections in small ranges of higher ground resolution.
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To obtain real-world YOLO detection confidences in the 2D simulation, every target
and clutter object in the 2D environment imitates one of the key detections described
in the previous paragraph. 2D target objects imitate 3D targets by reproducing the
same detection confidences as a function of ground resolution of the 2D object.
Similarly, 2D clutter imitate the detector confidence curves of 3D clutter. Each 2D
target is assigned a random target key detection to imitate, and each 2D clutter
is assigned a random clutter key detection to imitate, where the probability of
assignment of a particular 2D and 3D object is a zero-mean, normally distributed
function of the difference in depths of the 2D and 3D objects. This ensures that
2D objects produce detector behavior similar to their paired 3D objects for similar
zoom values.

When a visual search algorithm acquires a new PTZ image of the environment
with the camera at (p, t, z), all locations (p′, t′) ∈ [p− z/2 ≦ p′ ≤ p+ z/2] ×
[t− ρz/2 ≦ t′ ≤ t+ ρz/2] in the model M for which z < Z[p′, t′] must be updated.
The color, depth, and zoom images are updated by simply replacing the current
color, depth, and zoom values by the new values. For the target probability image
T , the update depends on whether or not there is an object (clutter or target) at
each location (p′, t′). As described previously, objects in the 2D simulation imitate
the detector confidence values of objects viewed in the 3D simulation. If there is
an object O at location (p′, t′), then T is updated with T [p′, t′] ← P (T | c, r)
where P (T | c, r) is the probability of a target being present given a detection
with confidence c at a location with ground resolution r. Here, c is the interpolated
detector confidence of object O for resolution r = r(p′, t′, z) and P (T | c, r) is
calculated as

P (T | c, r) = P (T )P (c,r|T )
P (c,r)

= P (T )P (c,r|T )
P (T )P (c,r|T )+P (C)P (c,r|C)+P (B)P (c,r|B)

(4)

with P (T ) = ρT , P (C) = ρC , and P (B) = ρB where ρT , ρC , and ρB are 2D
simulation parameters giving the expected relative target, clutter, and background
densities, respectively, and satisfy ρT + ρC + ρB = 1. By definition of background,
P (c, r | B) = 0 for any c > 0. Note that some objects will produce low confidence
detections (c < cmin) when viewed at certain resolutions, effectively giving no
detection, but the target probability calculation in Eq. 4 is still valid.

We also need to estimate the probability that a target is present at a location (p′, t′)
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in the case that the object detector does not detect anything in that location. Each
of these locations has an associated ground resolution r = r(p′, t′, z), but none
will have a detector confidence value. The fact that there is no object at (p′, t′)
is hidden from the search algorithms; the algorithms know only that the detector
confidence at (p′, t′) was less than cmin and it is not known if this is due to the
absence of a target or poor detector performance on an actual target (due possibly
to a low resolution view). The probability of a target being present given there is no
detection at resolution r is

P
(
T | D̄, r

)
=

P(T ,D̄,r)
P(D̄,r)

=
P (T )P(D̄,r|T )

P (T )P(D̄,r|T )+P (C)P(D̄,r|C)+P (B)P(D̄,r|B)
.

We make the substitutions

P
(
D̄, r| T

)
=

∑
0≤c′<cmin

P (c′, r | T )∑
0≤c′≤1P (c′, r | T )

,

P
(
D̄, r| C

)
=

∑
0≤c′<cmin

P (c′, r | C)∑
0≤c′≤1P (c′, r | C)

,

P
(
D̄, r| B

)
= 1.

Then, updates to T at (p′, t′) are as follows:

T [p′, t′]←

{
P (T | c, r) if ∃O at (p′, t′)
P
(
T | D̄, r

)
otherwise

(5)

3.3 Predicting Optimal Zoom

The value of a PTZ route (Eq. 3) depends on how well the route reduces target
entropy in the local environment model (due to acquisition of informative images),
as well as the time taken to acquire and process those images. Hence, we wish to
use the minimum number of camera images necessary to sufficiently reduce this
entropy. The environment model’s target entropy at (p, t) is considered sufficiently
low when T [p, t] ≤ 1 − tconf or T [p, t] ≥ tconf . An optimal zoom for a point in
the environment, considering each point as independent, is estimated as the largest
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zoom (HFOV) that provides the required reduction in target entropy. We therefore
estimate the camera zoom, as a function of scene depth, needed to produce low-
entropy object detections. The expected minimum ground resolution needed to
ensure T [p, t] ≤ 1− tconf is

rconf =
min

r

∣∣P (
T | D̄, r

)
− (1− tconf)

∣∣ .
For a scene point at (p, t) with estimated depth d = D[p, t], the maximum camera
zoom (HFOV) at which we expect this point needs to be viewed to ensure its ground
resolution is at least rconf is

z(d) =
nc arctan (1/d)

rconf
(6)

where nc is the number of columns in the camera images, and due to camera
physical zoom limitations, z(d) ≥ zmin. Viewing a scene point at depth dwith zoom
z(d) is expected to produce the required entropy reduction, but it is not guaranteed
due to the random nature of object appearances and behavior of the object detector.

All of our visual search algorithms begin by performing a quick scan of the
environment ROI (via Algorithm 2, QuickScan) to initialize depth estimates for
each cell in the environment model M. With these depth estimates, we augment the
environment model M with a panoramic image Z̄ indicating the expected optimal
zoom at each model cell: Z̄[p, t] = z (D[p, t]). The augmented environment model
is M =

{
C,D,T ,Z, Z̄

}
.

3.4 Quadtree Decomposition

The quadtree decomposition algorithm, QuadtreeDecomp, shown in Algorithm 3,
starts off with a “quick scan” of the environment via algorithm QuickScan,
scanning the entire ROI from left to right, bottom to top, using the largest possible
camera HFOV, and updating the environment model after acquiring each image.
Algorithm View, shown in Algorithm 4, is responsible for moving the camera, in
simulation or in a real-world system, and then updates the environment model.
QuadtreeDecomp then examines the current model target probabilities associated
with each of these initial views to determine if any are ambiguous (i.e., 1− tconf <
T [p, t] < tconf). This is done by algorithm ExploreRect, shown in Algorithm 5, by
splitting each view into four quadrants and any quadrant containing a cell (p, t) with
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Algorithm 2 QuickScan(mp,mt)
Perform quick, back and forth, bottom to top, scan of environment using largest
camera HFOV. mp ×mt are dimensions of environment model to initialize. Return
the environment model M.
M← {Z[·, ·]←∞; T [·, ·]← 1}
z ← zmax # HFOV
h← ρ · z # VFOV
Np ← ⌈mp/z⌉; Nt ← ⌈mt/h⌉
△p← (mp − z)/(Np − 1)
△t← (mt − h)/(Nt − 1)
p← z/2
t← mt − h/2
for j ← 1, 2, . . . , Nt do

for k ← 1, 2, . . . , Np do
M← View(p, t, z,M)
p← p+△p # pan left or right

end for
p← p−△p # stay at last pan
t← t−△t # tilt up
△p← −△p # reverse pan direction

end for
return M

ambiguous target probability is viewed with camera zoom set to half the previous
HFOV. tconf ∈ [0, 1] is a system parameter that identifies the target probability at
which there is sufficiently low entropy in the presence of a target. (We typically
set tconf in the range [0.8, 0.9].) This decomposition process repeats until all cells
(p, t) in the viewed rectangles are such that T [p, t] ≤ 1 − tconf or T [p, t] ≥ tconf

or the minimum HFOV is reached. Note that this approach optimizes a discrete
version of the target entropy (Eq. 2). In the algorithm descriptions that follow, we
use the notation rect(p,t,z) to represent the set of integer coordinates contained in
a rectangle centered at (p, t) with size z × (ρ · z) (width×height) where ρ is the
camera image aspect ratio.
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Algorithm 3 QuadtreeDecomp(mp,mt)
Quadtree decomposition search of environment with pan, tilt dimensions mp×mt.
z ← zmax # HFOV
h← ρ · z # VFOV
Np ← ⌈mp/z⌉; Nt ← ⌈mt/h⌉
△p← (mp − z)/(Np − 1)
△t← (mt − h)/(Nt − 1)
M← QuickScan(mp,mt) # initialize M
p← z/2
t← mt − h/2
for j ← 1, 2, . . . , Nt do

for k ← 1, 2, . . . , Np do
M← ExploreRect(p, t, z,M)
p← p+△p # pan left or right

end for
p← p−△p # stay at last pan
t← t−△t # tilt up
△p← −△p # reverse pan direction

end for

Algorithm 4 View(p, t, z,M)
View the environment with an image centered at pan, tilt coordinate (p, t) and
HFOV z. Then, update the environment model M. The environment E is hidden
from the search algorithm in real-world systems.
h← ρ · z # VFOV
for p− z/2 ≦ p′ ≤ p+ z/2

for t− h/2 ≦ t′ ≤ t+ h/2 do
if z < Z[p′, t′] then

Z[p′, t′] = z
if ∃ object ∈ E at(p′, t′) then

T [p′, t′]← P (T | c, r)
else

T [p′, t′]← P
(
T | D̄, r

)
end if

end if
end for

end for
return M
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Algorithm 5 ExploreRect(p, t, z,M)
Explore in greater depth the rectangle centered at pan, tilt coordinate (p, t) and
HFOV z.
if z/2 < zmin then

return # can’t zoom-in any further
end if
h← ρ · z # VFOV
for△p ∈ {−z/4, z/4} do

for△t ∈ {−h/4, h/4} do
if ∃ (p′, t′) ∈ rect(p+△p, t+△t, z/2)

| 1− tconf < T [p′, t′] < tconf then
M← View(p+△p, t+△t, z/2,M)
M← ExploreRect(p+△p, t+△t, z/2,M)

end if
end for

end for
return M

3.5 Genetic Algorithms

Genetic algorithms (GAs)30 perform search and optimization loosely based on
a model of natural selection and genetics. A population of encoded solutions is
evolved over many generations using selection, mutation, and crossover operators,
where the likelihood that any individual solution participates in one of these
operations and generates offspring in the next generation is related to the fitness
of the parent’s solution. Two GAs have been developed for the PTZ search
problem: StaticGA and DynamicGA, shown in Algorithms 6 and 7, respectively.
In StaticGA, the environment model M is static during the GA planning process,
while in DynamicGA, the environment model M is dynamic during this process.
Both algorithms start by performing the same “quick scan” of the ROI that
QuadtreeDecomp performs. StaticGA then uses GASearch, Algorithm 8, to plan
a PTZ route for the entire ROI based on the environment model M produced
by QuickScan; unlike QuadtreeDecomp, new observations from camera views
acquired while executing this PTZ route do not change the planned route, even
when ambiguities remain. DynamicGA uses GASearch to plan an initial PTZ route,
but like QuadtreeDecomp, as the route is executed, the route may be updated
(using GASearch) based on observations in newly acquired images. Additional
camera views will be acquired, when possible, wherever target probabilities remain
ambiguous after viewing the environment at a zoom previously expected to resolve
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Algorithm 6 StaticGA(mp,mt, npop,ngen,τmax, smax)
Static GA search of environment with pan, tilt dimensions mp×mt, population size
npop, number of generations ngen, maximum PTZ time τmax, and maximum number
of PTZ steps smax. (p0, t0, z0) is the starting camera position.
M← QuickScan(mp,mt) # initialize M
M←DepthToZoom(M) # add Z̄, Eq. 6
p← InitPop(npop, smax, p0, t0, z0)
p,M, b← GASearch(mp,mt, ngen, τmax, smax,p,M)
for k ← 1 to |pb| do
p, t, z ← pkb
M← View(p, t, z,M)

end for

those ambiguities.

3.5.1 Initial Population

In the GAs, each individual in the population is a proposed solution to the PTZ
search problem. InitPop, shown in Algorithm 9, creates an initial population as a
sequence p =

(
p1,p2, . . . ,pnpop

)
of npop individuals where each individual pi

is initialized to a sequence of smax random PTZ values: pi = (p0
i ,p

1
i , . . . ,p

smax
i )

where smax is the maximum number of steps (viewed PTZ images) in any solution,
pki ∈P ×T ×Z for all k, and p0

i = (p0, t0, z0) is the starting position of the camera,
which is a constant for all solutions. For notational convenience, we will reference
the individual pan, tilt, and zoom values of any 3-tuple pki by ψ(pki ), θ(p

k
i ), and

ζ(pki ), respectively, and define the function RandInt(S1, S2, ..., Sn) to return an
n-tuple of integers where the kth element is a uniformly distributed random element
of the set Sk.

3.5.2 Fitness Function

As shown in Eq. 3, we would like to assign a fitness to every solution based on how
well the solution is expected to reduce target entropy in the environment model
(i.e., information gain), and on the time taken to acquire and process its images.
The actual information gain is not known until the PTZ route is executed, and
efficiently predicting it is challenging.31 The time to acquire and process a sequence
of PTZ images, however, can be accurately predicted. Instead of trying to predict the
information gain of a solution, we use an easily computed measure of how much of
the scene will be viewed at the expected optimal zoom, as defined by Z̄. The fitness
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Algorithm 7 DynamicGA(mp,mt, npop,ngen, τmax, smax)
Dynamic GA search of environment with pan, tilt dimensions mp ×mt, population
size npop, number of generations ngen, maximum PTZ time τmax, and maximum
number of PTZ steps smax. (p0, t0, z0) is the starting camera position.
M← QuickScan(mp,mt) # initialize M
M←DepthToZoom(M) # add Z̄, Eq. 6
p← InitPop(npop, smax, p0, t0, z0)
p,M, b← GASearch(mp,mt, ngen, τmax, smax,p,M)
ngen ← ngen/4 # do quicker route updates
while b > 0 do
p, t, z ← p1

b # first step in best route
M← View(p, t, z,M)
for (p′, t′) ∈ rect(p, t, z) do

if z ≤ Z̄[p′, t′]
if 1− tconf < T [p′, t′] < tconf
Z̄[p′, t′]← max(Z̄[p′, t′]/2, zmin) # zoom more here

else
Z̄[p′, t′]←∞ # don’t look here again

end if
end if

end for
for i← 1 to npop do # set new starting point in all solutions
pi ←LeftShift(pi)
p0
i ← (p, t, z)

psmax
i ← RandInt(P, T, Z)

end for
p,M, b← GASearch(mp,mt, ngen, τmax,

smax,p,M)
end while
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Algorithm 8 GASearch(mp,mt, npop, ngen,τmax, smax, p,M)
GA search of environment with pan, tilt dimensions mp ×mt, initial population p
of size npop, for number of generations ngen, maximum PTZ time τmax, maximum
number of PTZ steps smax, and environment model M =

{
C,D,T ,Z, Z̄

}
.

Returns updated population p, updated model M, and index b of best solution.
if min(Z̄) = ∞
b← 0 # nowhere else to look

else
cn ← ⌈log2(npop)/2⌉ # num. of EDGCA clusters
cs ← ⌈npop/cn⌉ # size of each cluster
for k ← 1 to ngen + 1 do
ωmax ← 0 # fitness of best solution
for i← 1 to npop do # get fitness of all pi
ωi, κi ← Fitness(τmax, smax,pi,M)
if ωi > ωmax # save best solution
ωmax ← ωi
b← i

end if
end for
if k = ngen + 1

break # return best solution
end if
do EDGCA selection and crossover on p with
cn clusters of size cs (Section 3.5.3)

do mutations (Section 3.5.4)
end for

end if
return p,M, b

Algorithm 9 InitPop(npop, smax, p0, t0, z0)
Initialize the GA population. (p0, t0, z0) is the starting camera position. smax is
the maximum number of steps (camera images) in a solution. See Section 3.1 for
definitions of P , T and Z.
for i← 1 to npop do

p0
i = (p0, t0, z0)

for k ← 1 to smax do
pki ← RandInt(P, T, Z)

end for
end for
return p
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of an individual pi is then

f (pi) =
max

1≤k≤smax

[ ∑
(p,t)∈P×T

1T

(
Ẑ
k

pi
[p, t] ≤ Z̄[p, t]

)
−αd

∑
1≤j≤k

∥∥∥pji − pj−1
i

∥∥∥
−αsk

] (7)

where 1T is the indicator function that maps the value True to 1 and False to 0,
Ẑ
k

pi
[p, t] is the smallest camera zoom at which model cell (p, t) is viewed in steps

1 through k of pi:

Ẑ
k

pi
[p, t] =

min

0≤j≤k
{ζ(pji ) | (p, t) ∈ rect(p

j
i )},

and αd and αs are constant scale factors. The first term in the maximization of Eq. 7
counts the number of pan-tilt cells in the model that are “covered” (viewed at or
below the expected optimal zoom) by the first k steps of pi. This is an estimate
of how well the search will detect true targets and suppress clutter in the region
of interest. The second term is the scaled distance traveled (or time to move) in
PTZ space of the first k steps of pi. The third term is the scaled length (number
of images) of pi. The length of pi is the number of images of pi that should be
acquired and processed if pi is selected as the best solution and is the value of k in
Eq. 7 at which the maximum occurs:

∣∣∣pi∣∣∣ = arg max

1≤k≤smax

[ ∑
(p,t)∈P×T

1T

(
Ẑ
k

pi
[p, t] ≤ Z̄[p, t]

)
−αd

∑
1≤j≤k

∥∥∥pj−1
i − pji

∥∥∥− αsk
]
.

So, the parameters αd and αs may be thought of as scaling the time required to
acquire and process images in the search relative to the expected quality of the
search result. Computation of a solution’s fitness is perfromed by Fitness, shown in
Algorithm 10.
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Algorithm 10 Fitness(τmax, smax,p,M)
Compute the fitness of one individual p. Return fitness, ω, of p and index, κ, of
position giving maximum fitness.
Z ′ ← 1T

(
Z > Z̄

)
# deeper views needed here

τ ← 0 # time to move camera
ω ← 0 # current fitness
ωmax ← 0 # max fitness
for k = 1 to smax do

∆τ ← αd

∥∥pk − pk−1
∥∥

τ ← τ +∆τ
if τ > τmax

break # max PTZ time exceeded
end if
ω ← ω −∆τ − αs

for (p, t) ∈ rect(ψ(pk), θ(pk), ζ(pk)) do
if ζ(pk) ≤ Z̄[p, t] and Z ′[p, t] = 1
ω ← ω + 1
Z ′[p, t]← 0 # no more reward at (p, t)

end if
end for
if ω > ωmax

ωmax ← ω
κ← k

end for
end for
return ω, κ
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3.5.3 Selection and Crossover Operations

The selection operation is used to choose which candidate solutions may pass their
attributes (genes) on to the next generation of candidate solutions. Individuals with
higher fitness are more likely to be selected to reproduce in this process. Two
selected (parent) solutions from the current generation reproduce through crossover,
where parts of the two parents are combined to form the child, and then mutation,
where individual genes in the child may be altered.

GAs sometimes suffer from premature convergence to local optima due to selection
and crossover operations allowing highly fit individuals to dominate the population
and therefore reduce the genetic diversity of the population.32 We use the Elitist
and Dynamic Genetic Clustering Algorithm (EDGCA) proposed in Malik and
Wadhwa33 to help reduce premature convergence. This approach first evaluates
the fitness of each candidate solution and then splits the population into a fixed
number of random, fixed-sized clusters. Within each cluster, single-point crossover
is performed on the fittest solution from the first half of the cluster with the fittest
solution from the second half. Of these three candidate solutions, the two parents
and the child, the fittest is moved into the next generation. Finally, all remaining
members of the cluster are replaced with mutated (Section 3.5.4) versions of the
fittest individual from the crossover step.

3.5.4 Mutation Operations

Mutations are generally small random changes to candidate solutions that produce
new solutions. These are used to maintain and introduce diversity into a population.
Below, we describe the nine types of mutations used by our GAs. Because the
first position in all candidate solutions represents the current position of the PTZ
camera, whose image has already been acquired and processed, this position can’t
be changed, so this position will never be mutated. Figures 6 and 7 show the
nine mutations, labeled as M1 , . . . ,M9 , used by our GAs. These are randomly
applied to the crossover result of each cluster (Section 3.5.3) with probabilities
mi
p, i = 1, . . . , 9, respectively, where ∑9

i=1m
i
p = 1.
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(a) Candidate solution prior to applying a mutation.

(b) M1: Small uniform perturbation of a single PTZ view. δ ∈ RandInt(−20: 20,−20: 20, 1: 1).

(c) M2: Large uniform perturbation of a single PTZ view. δ ∈ RandInt(P, T, Z).

(d) M3: Random normal perturbation of a single PTZ view. δ ∼ N(µ, σ) where µ = (0, 0, 0) and
σ = (500, 200, 0.25).

(e) M4: Swap two adjacent PTZ views.

(f) M5: Reverse a PTZ subpath.

(g) M6: Rotate a PTZ subpath left or right. Rotate right shown.

Fig. 6 GA mutations. The representation of a candidate solution prior to performing a
mutation is shown in (a). Each pi is a PTZ 3-tuple (p, t, z) ∈ P × T × Z. (b)–(g) show the
candidate solution after performing each type of mutation. In these figures, the gray elements
of a candidate solution are those that are changed as a result of the mutation operation. To
identify where in the candidate solution a mutation occurs, one or two indices, i0 and i1, are
needed depending on the type of mutation. These are random integers where 1 < i0 ≤ smax

for single-point mutations and 1 < i0 < i1 ≤ smax for subpath mutations. All mutations
involving random perturbations of PTZ points p by δ are cropped so that p+ δ ∈ P × T ×Z.
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(a) M7: Insert a new PTZ view q at a random position. q ∈ RandInt(P, T, Z).

(b) M8: Delete a random existing PTZ view and add a new random view q to the end. q ∈
RandInt(P, T, Z).

(c) M9: Insert new PTZ views covering a randomly chosen connected component of currently non-

covered cells. The “not-covered” image is the image 1T

(
Ẑ

k∗

p [p, t] > Z̄[p, t]
)

of pan-tilt cells in the
model that are not covered by the first k∗ steps of the candidate solution p. That is, the gray cells in
this image are viewed by p with a zoom that is larger than the expected optimal zoom. Here, k∗ is the
number of steps that maximizes the evaluation of the fitness of p. The connected components in this
image (the gray blobs) are computed (and saved) for each candidate solution each time its fitness is
evaluated. For the selected connected component, the smallest optimal zoom Z̄[p, t] in that connected
component is used to uniformly tessellate (as shown by the red rectangles) its bounding rectangle
into PTZ subviews q1, . . . , qn, and these subviews are inserted into the candidate solution to the right
of the pi0 , which minimizes

∥∥q⌊n/2⌋ − pi0
∥∥. All pj with j > i0 are shifted right to make room for

q1, . . . , qn.

Fig. 7 Additional GA mutations
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3.5.5 Static and Dynamic Genetic Algorithms

The static and dynamic versions of the GA visual search algorithms, StaticGA
and DynamicGA, both start off with a quick scan of the environment, followed
by initialization of the environment model and a population of candidate solutions,
and then call GASearch which searches for the best PTZ path with which to scan
the environment. After this point, the two algorithms differ. StaticGA executes
the exact PTZ path returned by GASearch; no adaptations are made to the path
due to information gained from viewing PTZ locations in this path. In contrast,
DynamicGA, after viewing a PTZ location from the current best solution, updates
the environment model M, resets the starting point of all candidate solutions to the
current PTZ location, and then calls GASearch to find a new best solution given
the updated model. These latter calls to GASearch are performed using only a
fraction of the number of generations as used in the original call because, assuming
changes to M are small, members in the current population should already be close
to the optimal solution for the updated model. This process is repeated until the
updated best solution is empty, meaning that no additional views of the environment
are needed. In addition to the environment model updates performed by View,
DynamicGA updates after every view the predicted optimal zoom image, Z̄, at all
pan-tilt locations that were viewed at the predicted optimal zoom but whose target
probability values remain ambiguous. The new predicted optimal zoom at these
locations is simply set to half the previous value.

3.6 TSP Search with Lazy Constraints

Algorithms that solve the TSP34 identify the shortest route between a set of locations
that must be visited. This NP-complete problem is typically posed as an instance of
a Binary Integer Linear Program (BILP), where a linear cost function is minimized
subject to a set of linear constraints on a set of binary-valued decision variables.
The execution time of the BILP-formulation can be unattractive due to the size of
the subtour elimination constraints, which is exponentially related to the number of
locations. This issue can be handled by an iterative approach that starts with a set of
constraints that do not include any subtour elimination constraints. If the resulting
solution contains a subtour, which can be identified in linear time, it is forbidden
by the addition of an appropriate linear constraint, and the new TSP instance is
solved anew. This iterative procedure, known as TSP with lazy constraints, will
eventually yield the optimal solution to the original TSP instance, with significant
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improvements in execution time (cf. Pferschy and Stanek,35 for example). The TSP-
instances in this report were solved using Gurobi,36 which supports lazy constraint
generation.

We use the TSP with lazy constraints procedure in algorithm LazyTSPPath, shown
in Algorithm 11, to choose PTZ paths for the visual search problem. The main
ideas behind this algorithm are illustrated in Figure 8. Initially, the rectangular,
high-ambiguity regions in the panoramic image that need further exploration are
identified (Tier 1). Each rectangle corresponds to a (p1i , t

1
i , z

1
i )-coordinate. The

superscript refers to the Tier, and the subscript refers to the rectangular region within
the Tier. The shortest path that connects these (p, t, z)-coordinates for Tier 1 is
computed. As each (p1i , t

1
i , z

1
i )-coordinate is explored, additional rectangular, high-

ambiguity regions are identified, which in turn are represented by their (p2j , t
2
j , z

2
j )-

coordinates (Tier 2). The shortest path that connects these Tier-2 coordinates are
inserted within the shorted path for the Tier 1 coordinates as shown in Figure 8d.
This process is repeated one more time (Tier 3). For the sake of brevity, the
illustration for Tier 3 is skipped in Figure 8.

For an environment with pan, tilt dimensions mp × mt, and a threshold ∈ R,
algorithm ThreshTargUncert, shown in Algorithm 12, returns a collection of binary
images that represent regions of sufficiently high target uncertainty that would
require exploration before the artifacts in these regions can be disambiguated as
target or clutter. This procedure is used by LazyTSPPath to identify a collection
of axis-parallel bounding boxes around a binary image that is computed for each
threshold in a predetermined set of thresholds {thresholdi}ki=1. If any of these
bounding boxes violate the camera HFOV restriction, they are broken up into
smaller members that do not violate the HFOV restriction. This is done in an ad
hoc manner in our implementation. The height, width, and center of any of these
bounding boxes can be effectively represented by a (p, t, z)-coordinate using the
scheme described previously. The final step of LazyTSPPath finds the shortest
PTZ route P using a Lazy-TSP procedure. The procedure 3-Tier-NestedSearch,
shown in Algorithm 13, presents a reactive PTZ route that is based on a three-tier
exploration of an initial environment. Each tier has its own predetermined set of
thresholds. In Tier 1, a PTZ route P is computed using the image obtained using
the QuickScan procedure. Additional regions that require further exploration to
disambiguate target and clutter are identified as each (p, t, z)-coordinate in P is
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Fig. 8 Illustration of the LazyTSPPath algorithm. (a) The rectangular, high-ambiguity regions
in the panoramic image are identified for further exploration (Tier 1). (b) The shortest,
LazyTSP path that connects these Tier 1 high-ambiguity regions is computed. (c) At each Tier
1 exploration point, additional high-ambiguity regions are identified; this figure illustrates
what would happen when the region identified by (p12, t

1
2, z

1
2) is explored (Tier 2). (d) The

shortest, LazyTSP path for this region is computed and inserted within the Tier 1 path
computed earlier. This process is repeated again (Tier 3), which is skipped in this illustration
for brevity.
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Algorithm 11 LazyTSPPath(mp,mt,
{thresholdi}k

i=1)
Compute the shortest path between the (p, t, z)-coordinates identified by the k-many
thresholds, {thresholdi}ki=1, in an environment with pan, tilt dimensions mp×mt.
Initialize the list of path-coordinates P← NULL
for threshold ∈ {thresholdi}ki=1 do

I← ThreshTargUncert(mp,mt, thresholdi)

for each contiguous-image Î ∈ I do
Find the bounding box for Î (cf. OpenCV37).
If the bounding box is too large, use a
covering of smaller bounding boxes that
meet the camera HFOV in its place.
Let L be a list of (p, t, z)-descriptions of these
bounding boxes.
P← P ∪ L.

end for
end for
Reorder P to reflect the shortest path (using a Lazy-TSP procedure).
return P

explored in the Tier 2. We have chosen to extend this search for an additional
tier where a similar process identifies Tier 3 (p, t, z)-coordinates that need further
exploration. The resulting path P is presented as output for evaluation. Other
variants include terminating the search in either Tier 1 or Tier 2. The results of
our experiments are described in the next section.

4. Experiments

All of our simulations and visual search algorithms have been implemented in
Python, except for library calls to the VTK29 in the case of the 3D simulation, and
to the Gurobi Optimizer36 in the case of Algorithm LazyTSPPath. In this section,
we describe the parameters of our experiments and compare the performance of the
proposed algorithms.
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Algorithm 12 ThreshTargUncert(mp,mt,
threshold)
Threshold Binary Image of the target uncertainty in an environment with pan, tilt
dimensions mp ×mt.
M← QuickScan(mp,mt) # initialize M
I← {0}(mp×mt) # initialize I to zero-matrix
for (p, t) ∈ (mp ×mt) do

if (tlow < T [p, t] < thigh) and
(1/(T [p, t]− 0.5)2 > threshold) then

I[p, t] = 1
end if

end for
return I ∈ {0, 1}P×T

Algorithm 13 3-Tier-NestedSearch(mp,mt)
Minimal-cost, Context-Aware, Visual Search based on a nested Lazy-TSP procedure
for an environment with pan, tilt dimensions mp ×mt.

Pick a set of thresholds {{thresholdji}
kj
i=1}3j=1

Initialize path P← NULL
Path P← LazyTSPPath(mp,mt, {threshold1i }

k1
i=1)

for (p, t, z) ∈ P do
P← P ◦ (p, t, z) # concatenate P and (p, t, z)

P̂← LazyTSPPath(mp,mt, {threshold2i }
k2
i=1)

for (p̂, t̂, ẑ) ∈ P̂ do
P← P ◦ (p̂, t̂, ẑ) # concatenate P and (p̂, t̂, ẑ)

P̃← LazyTSPPath(mp̂,mt̂, {threshold3i }
k3
i=1)

P← P ◦ P̃ # concatenate P and P̃
end for

end for
return P
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4.1 Simulation Parameters

The 3D simulation is used to create a performance model of the YOLO object
detector.2 The parameters of the 3D simulation that are most relevant to this task
are the following. The diameter of the environment is 1 km, which is identically
the maximum distance between a camera and any object in the environment. The
number of distinct photo-realistic textures used in the 3D simulation are 25 ground
surfaces, 4 roads types, 38 buildings, 35 plants, 87 people, 33 animals, 7 airborne
objects, 54 miscellaneous objects (clutter), 8 fences and barriers, 10 street signs, 5
distant backgrounds, and 6 sky textures. The actual number of objects appearing in
any environment is random, but the number of people (the targets) is expected to
be 20% of the total number of objects excluding buildings and plants. The time of
day is varied from 6 am to 6 pm, generating a variety of lighting conditions and
shadows. The PTZ camera has a resolution of 1920× 1080 pixels, and a horizontal
FOV ranging from 2.3◦ to 64◦ (ζmin, ζmax), as is common in some commercial zoom
cameras. With these parameters, there are occasions when targets in view of the
camera occupy only a few image pixels and are nearly impossible to detect when
the camera is set to a wide FOV, but are easily detected when the camera is zoomed
in.

For the 2D simulation, the field of regard is 180◦ × 35◦ (horizontal× vertical), and
this is quantized into 1800×350 (NP×NT ) cells of size 0.1◦×0.1◦ (∆s = 0.1◦). The
depth of objects from the camera ranges from 2 m to 1 km, with clutter being twice
as frequent as targets. The resolution of the camera in the 2D simulation replicates
that of the 3D simulation, with an HFOV ranging from 23 to 64 cells.

4.2 Genetic Algorithm Parameters

The GAs have a few parameters that affect their performance. These include
the population size, npop, the number of generations, ngen, the relative mutation
rates, mp, and the fitness function scale factors, αd and αs. From Fig. 9,
we see that 200 generations of GASearch is sufficient to produce very good
coverage (Σ(Ẑ ≤ Z̄) in Eq. 7) with additional generations mostly reducing
the distance traveled (Σ∥ pji − pj−1

i ∥) and number of images processed. The
remainder of the GA parameters were calibrated empirically. The parameters
used for the experiments were npop = 200, ngen = 200, mp =

(0.067, 0.067, 0.2, 0.067, 0.067, 0.067, 0.067, 0.2, 0.2), αd = 2.0, and αs = 0.02.
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Fig. 9 Performance of best GASearch solution in 100 random environments as a function of
generation number (along horizontal axis). The top row shows the number of images (left) and
distance traveled in PTZ space (right). The bottom row shows the percent of covered cells (left)
and solution fitness (right). Data points in all plots except %Covered are scaled relative to the
final solution at generation 1000.

These parameters are used for both the static and dynamic versions of the GA.

4.3 LazyTSP Path Algorithm Parameters

The camera’s HFOV restricts the width of the bounding box to be no greater than
640 pixels. The largest height of the bounding box will be 640×(1080/1920) = 360

pixels. If the bounding box computed in LazyTSPPath exceeds these dimensions,
we replace this single bounding box by a covering of bounding boxes whose width
(resp. height) is no larger than 320 pixels (resp. 180 pixels). There are other ways
of overcoming the HFOV restrictions, but we opted to use this in our simulations.

As mentioned previously, there are three-tiers to LazyTSPPath, and each tier has a
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set of thresholds that are used to identify the bounding boxes, which are then used
to identify a (p, t, z)-path. We use the same set of thresholds for each tier, that is
{thresholdi}3i=1 = {10, 50, 100, 250, 500, 750}. The first-tier search identifies an
optimal (p, t, z)-path. During the course of exploration of this path, other regions
of interest are selected for further exploration in the second tier. The resulting
optimal, second-tier path is intercalated between the appropriate pair of first-tier
(p, t, z)-points. This process is repeated another time, where the first-to-second-tier
operations are repeated for the second-to-third-tier operations as well.

4.4 Performance Comparison

We ran each of the four algorithms on 100 identical simulated urban environments.
Some of these environments are shown in Fig. 10. In all, this experiment included
5275 clutter objects and 2763 target objects. For performance metrics, we use target
and clutter recall (detection) rates: the percent of targets that are positively identified
as targets, and the percent of clutter that are positively identified as clutter. We set
tconf = 0.9, so true targets are considered “positively identified” if their estimated
target probability (Eq. 5) is 0.9 or higher, and true clutter is considered positively
identified as clutter (i.e., “suppressed”) if their estimated target probability is 0.1
or lower. The time taken to perform a visual search, also called PTZ distance,
is compared as it is important for many applications. We do not compare the
actual run-times of the algorithms since some are implemented fully in interpreted
Python while others use compiled and optimized libraries for the computationally
expensive parts of the algorithm.

Figure 11 compares the performance of the four visual search algorithms on each
of the experiment’s 100 trials, and Table 1 summarizes their performance.* We
see that StaticGA produces the shortest search paths (fastest search times), but has
the worst target and clutter detection rates. QuadtreeDecomp has the best overall
target and clutter detection rates, but its search paths are, on average, twice as long
as those of StaticGA. DynamicGA, however, with only 40% longer search paths
than StaticGA, produces target and clutter detection rates that are nearly as good
as QuadtreeDecomp. Finally, LazyTSPPath produces target and clutter detection
rates that lie between those of StaticGA and DynamicGA, but with search paths

*Due to the close visual similarity between some clutter and target objects (e.g., real people
and statues of people), the object detector is unable to correctly classify all objects (see detector
performance in Figure 5), so perfect detector performance is not possible, even when provided with
very high resolution images from highly zoomed PTZ cameras.
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Fig. 10 Depth maps of some simulated urban environments with targets (red rectangles) and
clutter (gray rectangles) overlayed. Each spans a 180◦ horizontal view by 35◦ vertical view.

Algorithm Dr Rt Rc

QuadtreeDecomp 200.4 98.11 99.45
StaticGA 100.1 82.43 81.66
DynamicGA 140.1 98.14 98.14
LazyTSPPath 341.0 94.96 90.81

Table 1 Mean performance of the visual search algorithms over 100 trails. Dr is the mean
of the solution distance relative to the distance of the shortest solution from among the four
algorithms (lower is better). Rt is the mean target recall rate. Rc is the mean clutter recall rate
(percent of clutter objects that are suppressed; higher is better).

that are more than twice as long as DynamicGA’s. The poor detection rates of
StaticGA relative to the other three algorithms is due to StaticGA choosing its
visual search path based on a static environment model, which depends only on
the initial wide-angle scan of the environment; it does not adapt its search plan
to new information obtained during the execution of that search. All of the other
algorithms do adapt, dynamically during their search, to information obtained in
new views of the environment.
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Fig. 11 Performance of the visual search algorithms on 100 random environments

Figure 12 shows the PTZ routes selected by each algorithm on one representative
environment. A high-performing algorithm will, after completing its visual search,
have assigned very low probabilities (dark blue regions in this figure) to non-
target locations and very high probabilities (red regions in this figure) to target
locations. Also, high-performing algorithms will use a minimum number of images
and minimize the distance traveled in PTZ space needed to acquire those images.
Compared to the GA algorithms, the search paths of QuadtreeDecomp are generally
longer due to the recursive NE-SE-NW-SW order in which QuadtreeDecomp
explores quadrants of ambiguous views. Also, QuadtreeDecomp may require more
views than the GAs because the GAs have greater flexibility in the placement
of views. The two GAs display similar search paths, but it can be seen that
StaticGA leaves a few targets undetected and a few clutter unsuppressed. The
path of LazyTSPPath seems somewhat erratic in that it views some parts of the
scene repeatedly while avoiding other parts, and some high-zoom views are placed
needlessly in foreground areas of low depth; it does, however, do a good job
detecting targets and suppressing clutter.

Figure 13 plots, for each algorithm and each of the 100 trials, the target detection
rate and clutter suppression rate as a function of the PTZ distance traveled. A good
performing algorithm will have these points clustered in the upper left corner of the
two plots. QuadtreeDecomp and DynamicGA both do well in this regard. Figure 14
shows the final assigned target probabilities for all of the 5275 clutter objects and
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(a) Panoramic of depths with clutter (gray) and targets (red) overlayed

(b) QuadtreeDecomp: 291 images, 18177 path length, 97.7% clutter suppressed, 96.4% targets
detected.

(c) StaticicGA: 279 images, 11661 path length, 77.3% clutter suppressed, 82.1% targets detected.

(d) DynamicGA: 281 images, 12860 path length, 97.7% clutter suppressed, 96.4% targets detected.

(e) LazyTSPPath: 647 images, 38373 path length, 86.4% clutter suppressed, 96.4% targets detected.

Fig. 12 Example solutions on one random environment (#32755). (a) Panoramic image of
depths with clutter and target positions overlayed. The depth panoramic is the main input
to the PTZ visual search algorithms; the target and clutter locations are hidden from the
algorithms. (b)–(e) Final target probability panoramics for each of the four algorithms. PTZ
camera views are shown with white rectangles and the path of the camera in pan-tilt space is
represented with a red line connecting the centers of these rectangles.
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Fig. 13 Performance as a function of PTZ distance: clutter suppression rate (top) and
target detection rate (bottom) for each algorithm applied in each of the 100 random urban
environments

2763 target objects as a function of depth of the objects from the camera. All of the
algorithms except LazyTSPPath exhibit a ramping effect where, at various depths,
there are large drops in the target probability assigned to clutter objects. This is
due to the changes in camera zoom at those depths. This is most prominent with
QuadtreeDecomp as it has the least flexibility in selecting zoom values, always
halving the previous zoom when it needs to zoom-in in ambiguous regions of the
environment.

5. Conclusion and Future Work

In this report we have formalized the PTZ visual search problem, a problem that
has informally existed for many years, but has recently seen a need to be fully
automated as the number of PTZ surveillance cameras has significantly increased.
We developed a compact simulation environment that enables easy large-scale
benchmarking of visual search algorithms under close to real-world conditions. We
then proposed four algorithms for PTZ visual search: a quadtree decomposition
algorithm, two varieties of a genetic algorithm, and a TSP algorithm using lazy
constraints. These algorithms were evaluated on a set of 100 random outdoor
environments. The results show that, among the four algorithms, DynamicGA is
the most efficient in terms of detection of targets and suppression of clutter relative
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Fig. 14 Final assigned target probabilities for all true clutter objects (blue “x”s) and true
target objects (red “o”s) as a function of depth of the objects from the camera. Ideally, target
objects should have assigned target probabilities close to 1.0 and clutter objects should have
assigned target probabilities close to 0.0.

to the time needed to acquire and process those images. However, DynamicGA has
the disadvantage that its PTZ route planning requires more central processing unit
(CPU) resources than some of the other algorithms.

For future work, we would like to test our algorithms in real-world environments
and extend these algorithms to visual search of both static and moving objects from
moving platforms, including mobile robots. We are also interested in using the
depth and semantic label images to implement additional constraints and priorities
in the search process, such as to allow different priorities for various events in
specific parts of the environment. For example, a user may want to prioritize quickly
locating people on the rooftops of distant buildings while still searching the entire
environment for lower priority events.
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List of Symbols, Abbreviations, and Acronyms

2D two-dimensional

3D three-dimensional

BILP Binary Integer Linear Program

CPU central processing unit

EDGCA Elitist and Dynamic Genetic Clustering Algorithm

GA genetic algorithm

HFOV horizontal field of view

IoT Internet-of-Things

IoU Intersection over Union

NP Nondeterministic Polynomial-time

OP orienteering problem

OPFP Orienteering Problem with Functional Profits

ppm pixels per meter

PTX pan-tilt-zoom

PTZSP PTZ Search Problem

ROI region of interest

TSP traveling salesman problem

VFOV vertical field of view

VTK Visualization Toolkit

YOLO you only look once
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