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Millions of network cameras  

have been deployed worldwide. 

Real-time data from many network 

cameras can offer instant views 

of multiple locations for many 

applications. We describe the  

real-time data available from these 

cameras and potential applications.

The first network camera 
was, perhaps, deployed 
at the University of Cam-
bridge, United Kingdom, 

in 1993 for watching a coffeepot.1 
Millions of stationary cameras (also 
called surveillance cameras or webcams 
in some cases) have been installed at 
traffic intersections, laboratories, 
shopping malls, national parks, zoos, 
construction sites, airports, country 
borders, university campuses, class-
rooms, building entrances, and so on. These network cam-
eras can provide visual data (image or video) continuously 
without human intervention. The data from some (but not 
all) cameras are recorded for postevent (also called forensic) 
analysis. This article explores the opportunities for analyzing 
data streams from thousands of network cameras simultane-
ously. Real-time data may be used in emergency responses; 
archival data may be used for discovering long-term trends. 
Figure 1 shows several examples of visual data from network 
cameras. As can be seen in these examples, the content varies 
widely from indoor to outdoor and urban to natural environ-
ments. This article considers analyzing the data from many 
heterogeneous network cameras in real time. For more about 
these cameras, see “Network Cameras.”

POTENTIAL APPLICATIONS
Analyzing visual data (image or video) has been an active 
research topic for decades. Historically, researchers ana-
lyze the data taken in laboratories. In recent years, media 
hosting services (that is, Flickr, YouTube, and Facebook) 
have made sharing visual data much easier. Researchers 
started using the data acquired from the Internet to cre-
ate data sets, such as ImageNet2 and Common Objects in 
Context (COCO).3 Most studies are offline: the analysis 
is conducted long after the data have been acquired, and 
there is no specific restriction on the execution time. 
Often, only pixels are available, and there is no time or 
location information about the data. As a result, it is 
not possible to link the data with the context, such as 
breaking news or a scheduled event. Furthermore, these 
data sets do not differentiate data taken from city down-
towns or national parks. One exception uses periodic 
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snapshots to observe seasonal trends 
in environments.4 The study considers 
low refresh rates (a few images from 
each camera per day). In contrast, this 
article considers data at much higher 
refresh rates (video or snapshots every 
few minutes). Adding time and loca-
tion information can have profound 
impacts on how the data can be used, as 
explained in the following examples.

Virtual tour
The World Bank estimates that the num-
ber of international tourists reached  
1.2 billion in 2015. Nothing can replace 
the personal experience of visiting a 
place and enjoying the culture and the 
local food. However, the hassle of trav-
eling can be unpleasant. Many tour-
ist attractions, such as Yellowstone 
National Park and the National Zoo, 
install network cameras and provide 
real-time data, as shown in Figure 1(d). 
Through these cameras, it is possi-
ble to provide virtual tours to visitors. 
Furthermore, it is also possible to use 
network cameras to watch scheduled 
events. Figure 1(b) and (c) shows images 
taken in New York City during the 
Thanksgiving Day Parade in 2014.

Air quality
The U.S. National Park Service (NPS) 
deploys network cameras monitor-
ing air quality.5 Each camera takes 
one image every 15 min and posts 
the image on the NPS website. The 
data are archived, and they can be 
used to study phenology. The data 

can be cross-referenced with other 
sources of data, such as the archive 
of weather data (humidit y, tem-
perat ure, and cloudiness) and rare 
events (e.g., wildfires). In addition 
to these cameras in national parks, 
many TV stations deploy cameras to 
watch cities. These network cameras 

FIGURE 1. The images of (a) New York City, (b) and (c) the Thanksgiving Day Parade in 
New York City, (d) Yellowstone National Park, (e) a computer lab, and (f) the Interstate 
465 highway in Indianapolis. [Sources: (a)–(c) New York City Department of Transpor-
tation, used with permission; (d) National Park Service, used with permission; (e) Purdue 
University, used with permission; and (f) Indiana Department of Transportation, used with 
permission.] 

(a) (b) (c)

(d) (e) (f)

NETWORK CAMERAS

T here is no universally accepted definition 
of network cameras. This article adopts 

the following definition: a network camera is a 
camera that is connected to a network (the In-
ternet or an intranet) and can capture visual data 
automatically and indefinitely without human 
effort. A network camera may have movement 
(or pan-tilt-zoom) capability. The cameras may 
send video streams continuously, take periodic 

snapshots, or acquire data when events are 
triggered (such as motion detection). Most 
network cameras are stationary (that is, their 
locations are fixed). It is also possible to have 
mobile network cameras; some cruise ships take 
periodic snapshots of oceans and transmit the 
data through satellite networks. Some dashcams 
have network interfaces, and they may transmit 
data while the vehicles are moving or parked.
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may also be used to assess the air 
quality in the cities.

Transportation management 
and urban planning
Improving transportation efficiency is 
a significant challenge in many cities. 
Network cameras are widely deployed at 
traffic intersections. Currently, the real-
time data allow city officials to mon-
itor traffic congestion. In the future, 
these processes could be automatically 
optimized based on the real-time traf-
fic information provided by the net-
work cameras. Figure 1(f) is an example  

of a traffic camera in Indianapolis, Indi-
ana. Figure 2(a)–(c) shows the locations 
of traffic cameras in London, Seattle, 
and New York City.

Safety and emergency response
Using network cameras, it is possi-
ble to monitor large-scale emergen-
cies. Figure 3(a) and (b) shows the 
flood in Houston on 18 April 2016. 
Because network cameras continu-
ously acquire data, it is possible to 
conduct a before-and-after compar-
ison, as shown in Figure 3(c) and (d), 
when the highways returned to the 

normal conditions. Our recent study6 
suggests that data from net work 
cameras can complement postings 
on social networks during emergen-
cies. Network cameras continuously 
acquire and transmit data without 
human efforts. Thus, network cam-
eras can be used to monitor locations 
that have already been evacuated.

Human activities
For 24 hours, an experiment tracked the 
moving features in a video stream from 
a camera at Purdue University, West 
Lafayette, Indiana.7 The experiment 

FIGURE 2. The maps of traffic cameras in (a) London, (b) Seattle, and (c) New York City. (d) Screenshot from the CAM2 website: the 
worldwide camera location map. (e) The New York City camera location map with one real-time image. [Sources: (a) London Depart-
ment of Transport, used with permission; (b) Washington State Department of Transportation, used with permission; (c) and (e) New York 
City Department of Transportation, used with permission.]

(a) (b) (c)

(d) (e)



 O C T O B E R  2 0 1 9  33

analyzed 820,000 images (approxi-
mately 10 frames per second) from a sin-
gle camera. Figure 4 shows that more 
moving features are detected during the  
day, especially the starting times of  
lectures. This experiment demonstra-
tes that it is possible to gain insights 
about the behavior of people using rela-
tively simple analysis programs.

Versatile data from 
network cameras
Computer vision has made significant 
progress in recent years. One factor 
contributing to this success is large 
data sets with thousands or millions 
of images and labels. Different data 
sets may have specific emphases.8 
For example, images posted on social 
networks tend to have faces at or near 
the images’ centers. Video captured 
by dashcams tends to have pedestri-
ans at the horizon. Traffic cameras 
usually look downward from three 
stories high. These characteristics 
are a result of the sampling imag-
es from different data distributions. 
The difference among data sets can 
be called distinctiveness. Distinctive-
ness can be desirable because data 
sets focus on specific purposes—for 
face recognition, data from traffic 
cameras may not be useful. Data from 
network cameras provide a wide vari-
ety of content: indoor or outdoor, city 
streets or national parks, shopping 
malls or highways, etc., and these 
cameras are a rich source for data that 
are not always easily available in re-
search laboratories.

PURDUE UNIVERSITY’S 
CONTINUOUS ANALYSIS OF 
MANY CAMERAS PROJECT
In the previous section, many exam-
ples were provided in which analyz-
ing the data from network cameras 

(real-time images or video streams) can 
be helpful. In this section, we describe 
the Continuous Analysis of Many 
CAMeras (CAM2) research project at 
Purdue University, which constructs a 
system to continuously analyze visual 
data from many network cameras. 
Specifically, this section outlines how 
the research software and services 
discover network cameras as well as 
how to retrieve data and metadata 
from them. It also discusses the back 
end required for analyzing data in real 
time and gives a close inspection of the 
resource manager required for scal-
i ng computational needs of analy-
sis programs.

Discover network cameras
The applications described previ-
ously require data from many geo-
graphically distributed network cam-
eras. This article summarizes the 
process of finding network cameras 
and aggregation websites.9 Internet 
Protocol (IP) cameras usually have 
built-in web servers, and the data can 
be viewed through web browsers (for 
more information, see “Internet Pro-
tocol and Non-Internet Protocol Cam-
eras”). These cameras support HTTP. 
Different brands have different paths 
for retrieving data using the GET 
commands. Several methods can be 
used to find IP cameras. One obvious 

FIGURE 3. The images of (a) and (b) the Houston Flood on 4 April 2016 and (c) and (d) 
the normal condition on 14 February 2017. (a) and (c) were taken by the same camera, 
and (b) and (d) were taken by another camera. (Source: Transtar; used with permission.)

(a) (b)

(c) (d)
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method queries search engines. This 
method, however, has a low success 
rate because search engines usually 
return vendors of network cameras, 
not IP addresses that can provide real-
time data streams. Another method 
scans IP addresses by sending the 
GET commands of the known brands. 
If an IP address responds to the com-
mands positively (“200 OK”), then the 
IP address becomes a candidate. The 
candidate is further inspected by the 
Purdue team. 

Currently, this process is manual for 
two reasons. First, some IP addresses 
respond to the GET commands even 
though they are not network cameras (a 

false positive). Second, the Purdue team 
inspects the discovered camera and 
keeps it only if the camera data are from 
a public location (i.e., a traffic intersec-
tion, a park, or a university campus). 
CAM2 is actively investigating the auto-
mation of discovering network cameras 
(see the section “Automatically Adding 
Network Cameras”). To automate pri-
vacy filtering in the future, we antic-
ipate that deep-learning models may 
become capable of scene classification 
of private versus public locations.

Metadata aggregation
Following network camera discovery, 
collecting additional information (called 

metadata) about the cameras is important 
(and possibly required) for data analysis. 
In this project, metadata include (but are 
not limited to) the cameras’ locations, 
methods to retrieve data, the format of 
the data (i.e., MP4, flash, Motion JPEG, 
JPEG, and portable network graphics), 
and the information about the refresh 
rate of the network cameras. Metadata 
may also describe the data’s content (e.g., 
indoor/outdoor, highways, parks, uni-
versity campuses, and shopping malls). 
Three particularly important pieces of 
metadata are location, data quality, and 
data reliability.

Location information is required 
for many of the applications described 

FIGURE 4. Tracking moving features in a video stream of a camera at Purdue University. More moving features exist during the day, 
especially before the starting times of lectures (indicated by the vertical dashed lines).
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INTERNET PROTOCOL AND NON-INTERNET  
PROTOCOL CAMERAS

Many network cameras can be connected to the 
Internet directly and have unique Internet Pro-

tocol (IP) addresses. They are called IP cameras in 
this article. Some cameras (such as webcams) are 
connected to computers that make data available 
on the Internet. They are called non-IP cameras in 
this article because the cameras themselves do 
not have their own IP addresses. A network camera 

may have an IP address but not necessarily expose 
itself, and it may rely on a computer to act as a 
proxy. In this case, the IP address is the comput-
er’s IP address, not the camera’s IP address. Many 
organizations have web servers that show the data 
from multiple cameras. Because the IP addresses 
are the web servers’ addresses, these cameras are 
also considered non-IP cameras.
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earlier. In many cases, the owner of 
a camera provides the precise loca-
tion (with longitude and latitude) 
of the camera. In other cases, street 
addresses are given. It is also possible 
to use IP addresses to determine geo-
graphic locations, but this approach 
may be inaccurate for several reasons. 
An organization (e.g., a university) may 
have a large campus. Knowing that an 
IP address belongs to this organiza-
tion may not provide sufficient details 
about the camera’s location. Further-
more, as mentioned previously, some 
organizations show multiple data 
streams on websites. The web servers’ 
locations do not reflect the cameras’ 
locations. In the future, accurate loca-
tions may be estimated by cross-refer-
encing information from the network 
camera images with other resources. 
Some examples include 1) the time of 
day, given the sunlight as well as the 
direction and length of shadows;10 2) 
current events (such as parades); and 
3) significant landmarks.

Data quality is critical for analysis 
and can be measured by many metrics. 
One is the resolution (number of pix-
els); another is the refresh rate (frames 
per second). The data quality may also 
be determined by the purpose of the 
applications. For example, if a cam-
era is deployed to monitor traffic, 
then the data quality is determined by 
whether it can see congestion clearly 
or if the view is blocked by trees. In 
contrast, if a camera is deployed to 
monitor air quality, it is more import-
ant to evaluate whether the view has 
high visibility.

Reliability refers to the availabil-
ity of the network camera data. For 
example, some network cameras pro-
vide data only during the daylight 
hours and not during nighttime hours. 
Some network cameras are available 

24/7. Others may be disconnected for 
various reasons, such as being dam-
aged during a hurricane.

Web user interface
CAM2 is designed as an open research 
tool, available for other researchers 
to use. It has a web interface (https://
www.cam2project.net/) for users to 
select cameras based on locations. Fig-
ure 2(d) is a screenshot of the website. 
The locations of the cameras are shown 
as markers on a map (using Google 
Maps). When a marker is clicked, a 
snapshot is displayed, as shown in 
Figure 2(e). The website allows users 
to select cameras based on country, 
state (for the United States), and city. 
The map automatically zooms into the 
selected country. The markers in Fig-
ure 2(d) were originally implemented 
using the Google Maps client appli-
cation programming interface (API). 
However, as the number of cameras in 
CAM2 grows, this is no longer a scal-
able solution. Experiments showed 
that loading 10,000 markers would 
take nearly 20 s for rendering the map. 
To improve scalability, the CAM2 web-
site uses Google Fusion Tables, which 
supports tile-based rendering of the 

markers on Google Maps. The render-
ing time for 100,000 markers is lower 
than 2.5 s.

System architecture
Figure 5 shows the three primary com-
ponents of CAM2: the user interface, 
camera interface, and computing plat-
form.11 The user interface is made up 
of two access points. First, apps can be 
programmed with our Python API12 to 
access the CAM2 system. Second, the 
user can access CAM2 through a web 
portal. Aside from the user interac-
tion, the entire CAM2 system is auto-
mated. The web portal allows users 
to select the camera data streams for 
analysis, specify the desired analysis 
parameters (e.g., frame rate and dura-
tion), and submit the analysis pro-
grams. In other words, the web portal 
grants users access to the other two 
essential features of CAM2.

The camera interface is accessed 
through the user interface. The cam-
era database provides access to the net-
work cameras. It is a Structured Query 
Language database that stores the uni-
form resource locator of the network 
cameras along with other metadata 
information. The network cameras 

FIGURE 5. CAM2 has three primary components: the user interface, camera interface, 
and computing platform.
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themselves are, of course, already 
deployed globally. After or during data 
collection, the user can run an analysis 
program from the computing platform. 
For example, an analysis program can 
be used to track people (see Figure 4).

The computing platform contains 
three major components, all of which 
enable users to run analysis programs 
on cloud servers.12 Analysis programs 
are either created by users or selected 
from an available list of provided pro-
grams. The run-time system is event 
driven for processing images. After a 
new image (or video frame) is acquired, 
a call-back function is invoked. Cur-
rently, the data streams are treated 
independently. Thus, this system is 
intrinsically parallel and can scale up 
to process thousands of data streams 
simultaneously. The resource man-
ager allocates the appropriate number 
of cloud instances to execute the analy-
sis programs. The cloud instances are 
responsible for retrieving the visual 
data from the cameras and executing 
the analysis programs in real time. 
The instances may include graphics 
processing units (GPUs).

Resource manager
Inside the computing platform, the re-
source manager is a crucial component of 
CAM2 for automatically scaling the com-
putational resources to meet analysis 
programs’ demands. Some applications 
(such as transportation management 
and emergency response) need to ana-
lyze data only at certain time periods 
(rush hours or when a disaster occurs). 
Thus, the resource manager needs to 
adjust the allocated resources as the 
needs rise and fall. Many factors can af-
fect the resource manager’s decisions. 
Cloud vendors offer dozens of instance 
types with various amounts of available 
processor cores, memory, GPU cores, 

storage, and so on. Furthermore, cloud 
instances of the same capability (the 
same number of cores and same amount 
of memory) have up to a 40% difference 
in cost.7

When the required computation and 
monetary costs are known for an analy-
sis program, the optimal solution can 
be determined via a convex optimiza-
tion problem.13 It is assumed that com-
putation and memory use scale linearly 
with the number of cloud instances. 
This is a reasonable assumption be-
cause this is the guarantee provided by 
the host of a cloud instance. It is shown 
that the optimal cloud instance is the 
minimum ratio between the cost of a 
given cloud instance and the provided 
computation power (in terms of mem-
ory and CPU speed).

To make the problem even more 
challenging, resource requirements 
depend on the content of the data as 
well as the analysis programs. A study 
suggests using multidimensional bin 
packing to model the relationships 
between the needs of analysis pro-
grams and the characteristics of cloud 
instances.7 The method reduces over-
all costs by up to 60%.

However, when the geographical 
distance (thus, the network round-trip 
time) increases, the data refresh rate 
may decline.14,15 The network cam-
era’s image quality can suffer. As a 
result, it is necessary to select a data 
center close to the network cameras if 
a high refresh rate is desired. This is an 
issue, as network cameras are deployed 
worldwide and cloud data centers are 
located in many different parts of the 
world. Therefore, the cost, location, 
and required image quality for analysis 
must be considered together for deter-
mining the proper cloud instance.16 
The new study shows that modify-
ing the original bin-packing method7 

causes a 56% reduction in cost when 
compared with selecting the nearest 
location, and this further improves the 
original method by 36%.

OPPORTUNITIES AND 
CHALLENGES
To realize the applications outlined in 
the “Potential Applications” section, the 
following research opportunities and 
challenges must be investigated.

Automatically adding 
network cameras
Adding network cameras to the CAM2 
database must be further automated 
to utilize the vast number of network 
camera data still yet to be discovered. 
The challenges of using public network 
camera data leave this valuable data 
source largely unused. Network camera 
discovery is challenging due to the lack 
of common programming interfaces of 
the websites hosting network cameras. 
Different brands of network cameras 
have different programming interfaces. 
Different institutions organize the data 
in different ways. Such heterogeneity 
hinders the usability of the real-time 
data in emergencies. In other words, 
network camera data are not readily 
indexed. For example, there is no easy 
way to generate images from all of the 
live public network cameras in New 
York City. A web search will yield web-
sites that point to camera data in New 
York City. But the data are spread across 
many websites, and it is not clear how 
to easily aggregate images from rele-
vant cameras. To solve this problem, the 
CAM2 team is building 1) a web crawler 
to work with many different website 
interfaces and 2) a database to provide 
a uniform interface via a RESTful API. 
The current version of the RESTful API 
has been released, and we continues to 
improve the original version.
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Contextual information 
as weak labels
The proper acquisition of metadata 
related to each network camera pro-
vides useful functionality for the 
future. The location and time of day 
provide useful information for auto-
matic data set augmentation. The 
information can be called contextual 
information of the image/video data. 
For example, a camera deployed on a 
busy highway is unlikely to see rhinos 
or buffalo. If such animals do appear 
on the highway, this unusual event will 
likely be reported by the news (also, it 
can be looked up by time and loca-
tion). In contrast, a network camera 
watching a waterfall in a national park 
should not see semitrucks. Time also 
provides contextual information about 
the visual data. The streets in New York 
City are usually filled with vehicles. 
On rare occasions, such as the parade 
shown in Figure 1(b) and (c), the streets 
are filled with people. Thus, this net-
work camera data can provide almost 
correct labels by simply assuming that 
vehicles exist in the data. Modifying 
the label with cross-referenced news 
reports (of a parade) and other anom-
aly detection can form a type of weak 
supervision.17

Weak super vision refers to using 
labels that can 1) be automatically 
generated using partially true rules 
(as in the aforementioned examples), 
2) utilize related ground-truth labels 
that are not for exactly the same 
task, 3) boost, and 4) hand label with 
unreliable, nonexpert annotators. 
Current research demonstrates how 
different types of weak supervision 
can be used to improve the accu-
racy of machine-learning models.17 
Conte x tual information provides 
weak labels similar to those gener-
ated using partially true rules, and 

we suspect that future work will also 
improve model accuracy for image 
and video tasks (i.e., classification and 
object detection).

This contextual information can 
be easily derived if a GPS receiver is 
included in every camera deployed 
outdoors. GPS receivers are already in 
every mobile phone, and it is expected 
that all future network cameras will 
also be equipped with them. Time and 
location may be referenced by sun-
light and sun location. Location can 
be even further refined by significant 
landma rk s. For ca meras deployed 
indoors, methods also exist for posi-
tioning them.18

O t her conte x t u a l i n for m at ion 
(e.g.,  i ndoor/outdoor a nd u rba n/
rural) can be derived from a set of 
images using a variety of available 
computer-vision methods. If needed, 
a new data set of contextual informa-
tion can be created by training a com-
puter-vision method on it. Although 
this is only an approximate solution, 
it is feasible that this will be sufficient 
for weak labels.

Network camera data  
are distinct
Commonly used data sets are dis-
tinct from each other.8 For example, 
the images used in ImageNet2 can 
be distinguished from images used 
in COCO.3 For object detection tasks, 
labeled objects are more centrally con-
centrated for ImageNet than for COCO. 
This difference is a result of the differ-
ent data distributions. Existing com-
puter-vision solutions tend to focus on 
developing accurate models for a small 
number of data distributions. Even 
when models are compared across 
many different data sets, the solutions’ 
applicability beyond these data sets is 
unclear. The testing error of recently 

developed models can be overly opti-
mistic even for samples from the same 
data distribution.19 

Because the visual data from net-
work cameras may be considered dis-
tinct from other data sets, repurposing a 
model’s weights from a similar task may 
be insufficient. Instead, more sophisti-
cated transfer-learning methods may 
be required to mitigate the differences 
among data sets. Additional evidence 
would be needed to demonstrate that 
such techniques can handle the wide 
range of visual data from thousands 
of network cameras. Future work can 
investigate the degree to which models 
trained on available data can be trans-
ferred and look for the best method for 
transferring the model’s information. If 
needed, this may require an expansion 
of the existing CAM2 data set for each 
specific application.8

Improving models for 
emergency response
The data seen during emergenc y 
events is uncommon. Thus, the accu-
racy of machine-learning models when 
responding to emergencies is likely 
poor. We propose three methods to 
improve machine learning in the event 
of an emergency. The first is to period-
ically record data before a disaster for 
an anomaly detection system. Next is 
to connect CAM2 to infrastructure for 
crowdsourcing to gather labeled data 
on short notice from locations known 
to have an impending emergency situ-
ation. For example, crowdsourcing was 
used in the Haiti earthquake of 2010.20 
It is conceivable to create a similar 
infrastructure for images and video in 
an emergency. Finally, network cam-
eras need to have a uniform interface 
for easy access in emergency situa-
tions, given the proper privacy and legal 
constraints.21
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Data-set distinctiveness 
for active learning
Finding the right subset of data to 
label is a general concern in machine 
learning, especially during an emer-
gency when time is short. The prob-
lem is also applicable to nonemer-
gency scenarios when the cost of 
labeling data is the constraint rather 
than the time. As network camera 
data are distinct, we wish to further 
investigate if data set distinctiveness 
can be used to improve active-learn-
ing methods. In this article, active 
lea r n i ng is descr ibed as fol lows. 
Given a large amount of unlabeled 
data, we must identify the right sub-
set of data to label. A general frame-
work for active-learning methods is 
often given as the balance between 
measures of 1) how representative (or 
typical) the data sample is relative to 
the true data distribution and 2) how 
to maximize variance reduction of 
the model (and equivalently, how to 
minimize the true risk). Often, the 
product of the two measures is used 
to identify the best samples. With an 
input–output pair, this can be thought 
of as 1) modeling only the data and 2) 
modeling only the conditional dis-
tribution. Multiplying them together 
can be thought of as modeling the 
unnormalized posterior. Because net-
work camera data are distinct from 
the existing data sets, the use of this 
new data source may improve the cur-
rent active-learning methods.

Adaptive and programmable 
network cameras
Another improvement is to make net-
work cameras self-aware of the context 
being seen to automatically execute 
relevant programs. It may be possible 
for stationary cameras to determine 
the visual information being captured 

and install/execute computer-vision 
programs specialized for the content. 
Furthermore, network cameras may 
need to be reprogrammed in emer-
gencies. For example, street cameras 
in Figure 1(b) and (c) may be special-
ized for detecting congestion and acci-
dents in normal conditions. During 
a  p a r a d e ,  t h e  c a m e r a s  m a y  n e e d 
t o  be reprogrammed to search for a 
lost child.22

Network cameras provide rich 
information about the world. 
The visual data have many 

appl icat ions, i nclud i ng rea l-t i me 
emergency response and discovery of 
long-term trends. This article pres-
ents CAM2, a software infrastructure 
constructed at Purdue University for 
acquiring and analyzing data from 
network cameras. The article suggests 
many opportunities using the data 
and challenges to be conquered. 
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