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Abstract
Objectives This randomized controlled experiment tests whether license plate
readers (LPR) deter crime generally, and automobile crime more specifically in
crime hot spots. The limited intervention tested here reflects one current likely use of
LPR at the time of this publication.
Methods We use a place-based block randomized experiment. Our subjects were 30 hot
spots in two jurisdictions, 15 which were assigned to experimental conditions. The
treatment involved targeted police patrols using a "sweep and sit" approach with license
plate readers in these hot spots, also applying the Koper Curve timing principle. We
examine effects of the intervention during and in a 30-day period post-intervention,
controlling for pre-intervention levels of crime, seasonal factors, and jurisdiction.
Results Our findings indicate that, when small numbers of LPR patrols are used in
crime hot spots in the way we have tested them here, they do not seem to generate
either a general or offense-specific deterrent effect.
Conclusions While we did not find significant findings of this intervention, a
number of limitations and caveats to this study must be considered in conjunction
with these findings. The authors suggest how already acquired LPRs might be used
in ways that might increase their effectiveness in crime hot spots.
Keywords Experiment . Police . License plate reader . Technology . Hot spots .
Autotheft

Introduction
License plate reader (LPR) technology, also known as automated number plate
recognition (ANPR), is a scanning and information technology used by law
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enforcement agencies to detect, deter, and prevent crime. It has become one of the most
rapidly diffusing innovations in law enforcement compared to other police technologies,
such as mobile fingerprint readers, facial recognition, gunshot detection devices, video
equipment, or aerial surveillance equipment (see Koper et al. 2009). Lum et al. (2010)
estimated in a random sample of U.S. police agencies that over a third of all large police
agencies already use LPR systems, primarily for the purposes of addressing auto theft
(Koper et al. 2009, also found a similar proportion agencies had adopted LPR in their
survey). Of departments that do not use LPR, 30% reported they planned to acquire
this technology within 12 months of taking the survey. Compared to the adoption of,
for example, computerized crime mapping technology (see Weisburd and Lum 2005),
LPR’s adoption has been quite rapid. This rapid adoption and the associated costs of
LPR ($20,000–25,000 per unit) necessitate its evaluation.
The appeal of LPR to police agencies likely reflects its ease of use and prima
facie efficiency, values law enforcement officers often attribute to good technology
(Chan 2003; Ericson and Haggerty 1997). As an operational tool for law
enforcement, LPR is a straightforward and easily understood sensory technology.
Although the primary function of LPR has been to detect auto theft, as the vast
majority of agencies who use it have attested (Lum et al. 2010), LPR can also be
used to detect other civil and criminal wrongdoings of individuals associated with
scanned vehicles. A small scanner-camera is placed either on a patrol vehicle or
mounted at a fixed location, detecting the numbers and letters on license plates of
vehicles that come within its view. The scanner is connected to an information
technology system that holds a database of plates "of interest". Plates of interest
might include those associated with a recently stolen vehicle or whose registered
owners have open warrants, unpaid tickets, or are suspected of existing crimes. Once
the LPR scans a plate, the system reads the alphanumeric pattern and then compares
the license plate against the database. If a match is found, officers are alerted to
proceed with further confirmation, investigation and action. The LPR allows an
officer to scan and check hundreds of vehicles within minutes.
LPR technology therefore automates a process that, in the past, was done manually
and with much discretion. Without LPR technology, officers might see a car that appeared
suspicious and radio a computer-aided dispatch (CAD) center with the plate number to
determine its stolen status or the warrant status of its owner.1 The dispatcher would then
check the plate (and its owner) against a database containing stolen automobiles or
wanted individuals, and provide the officer with relevant information. This process
could take a couple of minutes per vehicle, depending on how the workload of the
dispatcher. The advent of in-car computer units eliminated the use of a dispatcher for
this purpose. However, whether using the dispatcher or a mobile computer unit,
checking vehicles in this manner is done tag-by-tag, and is highly discretionary.
The use of license plate readers automates this manual approach. It also
drastically reduces the officer's discretion in deciding which tag to run, since all
tags within view are scanned. In some cases, LPR is used for more specialized
investigations, including tracking down parents who have failed to pay child
support, monitoring whether registered sex offenders are driving around schools or
1

In some agencies, officers still carry paper lists of stolen vehicles against which to check suspicious
vehicles prior to calling the dispatch center.
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parks, or to assist with criminal investigations (PA Consulting Group 2003, 2004).
Because LPR can also collect and store the dates, times, locations and plate numbers
of cars in its range, it can also be used as an information system, proactively locating
individuals or tracking offenders based on previously collected data.
Precisely because of these various uses, LPR also presents challenges to police
organizations (Lum et al. 2010). Although LPRs automate a once cumbersome and
slow manual process, the use of LPR does not necessarily make the police more
effective in reducing, preventing, or clearing auto theft or other crimes. Indeed, the
effectiveness of LPR is limited by four factors: the system’s ability to read license
plates accurately; the quality and relevance of the data to which the scanned plates
are compared; the way in which police departments deploy the technology; and how
the officer decides to use the technology. Improvements in scanning, data access, and
police deployment strategies could increase LPR’s effectiveness in controlling and
preventing crime, although such an effect should not be assumed (Lum 2010). At the
same time, as with many other police technologies, advances in each of these
functions can challenge other equally important facets of policing. There have been
legal concerns about how long data can be stored, the extent to which data can be
mined and used, the balance of public interest in privacy and security, and the
broader concern of the effects of technology on police legitimacy (International
Association of Chiefs of Police 2009; Lum et al. 2010).
Although all these concerns are important, this paper focuses on evaluating the
crime control effectiveness of LPR. Specifically, we examine its effectiveness at auto
theft hot spots, partially replicating the experiment conducted by Taylor et al. (2011),
but adding new caveats. In that experiment, the research team examined the
effectiveness of LPR on auto thefts in a single jurisdiction, comparing manual
approaches to using LPR along predicted routes of stolen autos. We also employ a
randomized controlled trial, but extend our study to two adjacent jurisdictions in the
Washington, D.C. area. Further, we not only examine LPR's effect at auto theft hot
spots, but also the effect of LPR patrols on other crimes. Both the Taylor et al. and
this study diverge from previous analyses of LPR technology, in that we examine the
prevention and deterrence of auto theft and other crimes in hot spots rather than only
LPR's efficiencies in detecting and recovering stolen autos.
All in all, we did not find an effect of the use of LPR in experimental hot spots, a
similar finding of Taylor et al. However, we explore possible reasons for our
findings, given the limited intervention we tested, and make suggestions to law
enforcement agencies on how to maximize the use of already-acquired technology.

The current state of research evidence on the effects of LPR technology
License plate readers are one of the more expensive tools of law enforcement,
costing approximately $20,000–25,000 per unit. Given its cost, understanding how
LPR achieves the desired functions of the police—to detect, deter, control, reduce
and prevent crime—should be a policy priority. Yet, the crime prevention effects and
cost-effectiveness of LPR, like many police technologies, remain under-evaluated.
Prior to the Taylor et al. (2011) study, LPR research focused primarily on the
functioning and efficiency of the technology in scanning license plates or detecting
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stolen automobiles (and making arrests) in various settings. The Home Office of the
United Kingdom has been at the forefront of this research, as well as the funding and
use of LPR technology for policing more generally. From 2003 to 2007, the Home
Office and PA Consulting Group published a series of assessments and deployment
guidelines for license plate readers (see PA Consulting Group 2003, 2004; Home
Office 2007). These studies tracked the efficiency of LPR in increasing the detection/
recovery of stolen vehicles, as well as increasing drug and weapon seizures. Results
from pilot and follow-up studies indicated that license plate readers significantly
enhanced the ability of officers to make arrests, particularly when officers were
dedicated to a specially designated LPR unit.
Similarly, studies of LPR use in North America have focused on LPR efficiency
rather than effectiveness in crime prevention. A study conducted by the Ohio State
Highway Patrol (2005), for example, examined the use of LPR in the detection of stolen
vehicles and stolen vehicle plates in highway and turnpike systems. In that 4-month
evaluation, the use of LPR increased stolen vehicle recoveries and arrests compared to
the previous year. In another study, Cohen et al. (2007) analyzed data concerning the
rates of scanned plates that matched a database of uninsured, prohibited, unlicensed, or
stolen vehicle drivers in British Columbia. The research team found that, regardless of
the location of the LPR unit, more detections were associated with more scans per
patrol. In a Maryland-based analysis, LPR was found to be efficient in scanning license
plates and determining traffic density in various settings, such as highways, parking
lots, or tollbooths (Maryland State Highway Authority 2005).
While the study of the functioning and efficiency of LPR technology is necessary
in building knowledge about its potential, it is also important to examine how well
the technology prevents and deters crime. In police evaluation research, this
distinction between implementation efficiencies and outcome effectiveness is crucial,
not only because the second does not naturally follow from the first but also because
of the costs associated with the use of these technologies. Especially with law
enforcement technologies, efficiency is often mistakenly interpreted for effectiveness, which can perpetuate a false belief that crime prevention is occurring (Lum
2010). While LPR may certainly increase auto theft detections and even arrests, such
activities may not lead to measurable reductions in crime or even traffic accidents.
Indeed, increased arrests and detections may indicate an increase in crime within a
jurisdiction or neighborhood. On the other hand, there may be no crime prevention
or deterrence effects because the increase in arrests from the use of LPR is low.
Further, auto theft trends over time may not provide an accurate assessment of the
effects of LPR use. Auto theft has been on the decline for many years, according to
the Federal Bureau of Investigation's Uniform Crime Reports, and is likely due to
changes in automobile anti-theft technology.
Thus, despite the undisputed advantages of LPR being more efficient than manual
approaches, we still must question whether this technology is more effective in reducing,
preventing, or even detecting crime. Experimental evaluation can assist with this goal.
Prior to this study, there has been only one other experimental evaluation of license
plate readers that examined their crime prevention potential, conducted by Taylor et al.
(2011) around the time this study was commissioned. Taylor et al. measured the effect
of the use of license plate readers by specialized auto theft units on rates of vehicle
theft along likely routes between stolen and recovery locations of vehicles as well as
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hot "zones" of stolen and recovery locations. Their findings suggest that, while LPR
technology significantly enhances rates of license plates checked, recoveries of stolen
cars, and apprehension of auto thieves, the number of plates scanned does not itself
predict a reduction of vehicle theft rates.

Hot spots policing and auto crimes: The intervention tested
Like the Taylor et al. (2011) study, our research moves away from examining the
efficiencies of LPR technology, and focuses on its crime control effectiveness in
crime hot spots using a directed patrol approach. Why evaluate the use of LPR at
crime hot spots using directed patrols? Although police technologies can be
evaluated in many ways, research is arguably the most practical when the strongest
methods of evaluation (experimentation) test the practical, yet optimal deployment
of that technology. “Practical” and “optimal” deployment jointly means that the
evaluations, while constrained by the limitations of use of an intervention, uses
strategies and tactics shown to be most effective through sound experimental
research (Lum 2009; Sherman 1998; Weisburd and Eck 2004).
In the case of the practicality of LPR interventions, we know from the national
survey conducted by Lum et al. (2010) that police agencies usually only have one to
two LPR units, and that they are primarily used by uniformed patrol offices to detect
stolen vehicles. Thus, evaluating the effectiveness of LPR by having large number of
LPR units saturate areas across the city does not reflect the reality of the current state
of this technology.
What would be the “optimal” way to deploy LPR within these practical
constraints? Although there is little research on the optimal deployment of LPR
for crime prevention, there is a wealth of existing evidence that provides general
guidance (see the Evidence-based Policing Matrix by Lum et al. 2009s; see also
National Research Council 2004; Sherman et al. 1997, 2002; Weisburd and Eck
2004). One of the most successful interventions evaluated for crime prevention and
deterrence has involved directing patrol vehicles to targeted “hot spots” of crime.
Indeed, the National Research Council deemed the research on hot spots policing to
be the “strongest collective evidence of police effectiveness that is now available”
(NRC 2004: 250). This conclusion is based on positive findings of numerous
experimental evaluations of targeted police patrol at concentrations of crime (see e.g.,
Braga et al. 1999; Braga and Bond 2008; Sherman and Weisburd 1995; Weisburd and
Green 1995). The totality of the research has also indicated that tailored, focused, and
proactive approaches at hot spots seem to have a greater effect on crime reduction and
prevention than more general approaches (Lum et al. 2011; Weisburd and Eck 2004).
Thus, a hot spots approach to LPR patrol seems viable and valid.
Further, a hot spots approach relies on the geographic concentration of crime, of
which there is ample research knowledge (selected examples include Brantingham
and Brantingham 1981; Pierce et al. 1988; Rengert 1997; Sherman et al. 1989;
Sherman and Weisburd 1995; Weisburd et al. 2009, 2004). Evidence of this
concentration does not only exist for crime as a general phenomenon but also to
specific types of crimes—auto theft included (see, generally, Maxfield and Clarke
2004; see also Barclay et al. 1995; Copes 1999; Sherman et al. 1989). Sherman et
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al.'s research found that all auto thefts in Minneapolis occurred in less than 3% of the
entire city's addresses. Thus, it is generally reasonable to apply a hot spots approach
to auto theft prevention and deterrence just as one might apply hot spots policing to
drug, violence, or other property crimes, which also cluster in geographic space.
On the other hand, auto thefts have a unique quality in that the location of the crime in
question may implicate multiple locations (Lu 2003). For instance, a vehicle might be
stolen from one location and then driven from that place to another (the crime is still
“in progress”), only to be left at yet another location. Considering this uniqueness, can
a hot spots approach be applied to auto theft? Research by Lu (2003) and Lu and Thill
(2003) provide insight into the spatial clustering of theft and recovery locations. In
these studies, it was found that the journey between theft and recovery locations is
shorter than expected, and that the locations where vehicles are recovered are spatially
concentrated and in close proximity to theft locations are clustered. Lu recommends
that, “[o]ther things being equal, the locations close to offense places should always be
checked first for recovery [of stolen automobiles] purposes” (Lu 2003: 430–431).
From a practical perspective, insights from the project team of the Taylor et al. study
also prove helpful. In the first phase of their project, Taylor and colleagues deployed
officers at predicted “hot routes” between auto theft and recovery locations. However,
they found that officers became easily bored with going up and down the same small
street segments. Additionally, it appeared that auto theft and recovery locations were in
roughly similar areas, and in the second phase of their study, the authors used a zonal
approach that encompassed larger areas (approximately 1.2 miles wide). Unlike Taylor
et al. (2011), we did not deploy officers at predicted “hot routes” between auto theft
and recovery locations as recovery locations were unavailable. While we had limited
knowledge of vehicle recovery locations in this study, given the previous research, it is
not unreasonable to assign officers to hot spots of auto crimes to create a prevention
and deterrent effect given the previous research findings on the close spatial
relationship between auto theft and recovery.
Building from this evidence base, the intervention tested here deploys LPR in
small and clearly delineated crime hot spots of auto theft, theft from auto (including
stolen license plates), and auto-related crimes (e.g., drunk and reckless driving).
Testing for both a generalized deterrence and also an offense-specific deterrent effect
of LPR is an additional contribution to the Taylor et al. experiment.
The research team was also informed by existing evidence that points to the
effectiveness of tailored, proactive, and well-supervised approaches in crime hot
spots. For our intervention, we tested the following approach. Officers would
“sweep” the entire hot spot at least once so that all vehicles parked or moving in that
spot were scanned by the LPR. Then, depending on the particular hot spot, officers
would use their discretion to do what they thought worked best for that location. In
our study, this usually meant officers strategically positioning their vehicles in
certain locations within the assigned hot spot in which they felt the probability of a
stolen vehicle passing by would be greatest (such as a busy intersection or a
frequently used car park). We often called this combined approach a “sweep and sit”
scheme, which contrasts with a “fixed location” use of LPR or a completely mobile
use of LPR. This approach was similarly used by Taylor et al. (2011).
Finally, existing research also provides some clues on the optimal timing of police
patrol in hot spots. The Koper Curve Principle (see Koper 1995) found there are
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diminishing marginal deterrent effects for each minute that an officer lingers in a
very small hot spot. In other words, to maximize the effectiveness of a hot-spot
policing approach, the Koper Curve Principle suggests that officers should not stay
in hot spots for long periods of time but rather move from hot spot to hot spot,
staying for short time periods (ideally no longer than 12–15 minutes). This approach
can also be more cost-effective; in some cities there may be too many hot spots and
not enough patrol resources to provide round-the-clock coverage of all hot spots. For
our experiment (and unlike Taylor et al. 2011), we decided upon a time limit of 30
minutes for officers to stay within any one particular hot spot, and then had them
move to another randomly selected hot spot after 30 minutes. Each day, we gave
officers a list of randomly chosen hot spots in which to visit according to the order in
which they appeared on that list. Given that each jurisdiction only had two LPR
units available for deployment (see below), we felt this modified application of the
Koper Curve was practically useful.

Experimental design and implementation
Identifying hot spots for LPR Patrols
The hot spots chosen for this study come from two adjacent jurisdictions—Alexandria
City and Fairfax County, Virginia. Fairfax County is one of the larger northern Virginia
suburban counties outside of Washington, D.C., with a population of approximately 1
million persons (2010 U.S. Census) and 1,370 sworn officers. Alexandria City is a denser
city immediately adjacent to Washington, D.C.’s southwest border, with a population of
approximately 150,000 and 320 sworn officers. Alexandria City shares its western border,
defined by a major interstate highway, with Fairfax County. Both Alexandria Police
Department (APD) and Fairfax County Police Department (FCPD) have progressive and
willing senior command and civilian staffs who support this and other evaluation research
in their agencies, which was key to the successful completion of this experiment.
We designed a two-step process to derive the hot spots for this study, reflecting
both principles and theories of crime at places as well as practical crime prevention
concerns. The first step included creating computer-generated hot spots, while the
second involved adjusting the hot spots manually with officers to be environmentally
meaningful. First, we sought to create small hot spots of crime in which to carry out
the experimental intervention. A number of place-based criminologists—notably,
Sherman et al. (1989), Sherman and Weisburd (1995), Weisburd (2002, 2008), and
Weisburd et al. (2009)—have argued that the size of hot spots matters for both theory
and practice. Specifically, there can be discernible variations of crime—as well as
areas without crime—within neighborhoods believed to be “dangerous.” Thus,
patrolling larger geographic areas may actually be less efficacious in accurately
targeting crime hot spots. Further, Weisburd et al. (2004) found that crime trends at
very small and specific places are stable and often drive an entire city’s crime rates.
These findings are supplemented by strong empirical evidence, which finds that,
when police direct their patrol to small, “micro” places of crime, they can have a
significant crime prevention effect (Lum et al. 2011; Weisburd and Eck 2004). Thus,
creating small, “micro” hot spots was a priority for this study.
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To identify concentrations of crime to create our hot spots, we used ArcGIS2 to
geocode data on auto thefts, thefts from autos and auto related crimes for both
jurisdictions.3 We then ran kernel density analysis to identify hot spots (see Bailey
and Gatrell 1995). To confirm the kernel density results, we also created STAC hot
spots through CrimeStat.4 Overall, we ran nine different STAC simulations for each
study site (settings of three, five, and 10 incidents per ¼, ½, and 1 mile) in order to
get the best picture of hot-spot distributions.
We further narrowed our study area to include all of Alexandria City and only the
eastern portion of Fairfax County for several reasons. First, the auto theft and theft
from auto incidents had high densities and clustering at the border areas of the two
jurisdictions. Additionally, most of the auto-related incidents in Fairfax County fall
within the eastern half of the county, close to its border with Alexandria City. Last,
by narrowing the focus of our study area, we were able to fine-tune our STAC and
kernel density settings and analysis to better identify smaller, more micro-level, autoincident-related hot spots for our experiment.
After deciding on the new study area, we merged the two jurisdictions into a
single geographic database that represented our new dual-jurisdiction area. We then
reran the kernel-density simulations using a search radius of 252 feet, and the STAC
simulations (at ¼, ½, and 1 mile distances). Overall, reducing the total search area
for hot spots resulted in much better representations of hot spots, shown in Fig. 1.
However, even though we had the ability to accurately map micro-crime clusters, we
did not only rely on these initial maps for officer deployment in this experiment. First,
the boundaries of computer-generated hot spots are often vague. Although the initial hot
spots may make statistical sense, they often do not make operational or environmental
sense. For example, an environmental barrier (e.g., river, park, railway, business area)
can divide a hot spot, making it difficult to cross by offenders or officers. Second, hot
spots have to be small enough to accommodate not only our intervention, but hot spots
policing evidence more generally, and the Koper Curve Principle, which for our
intervention, requires officers to be able to sweep the entire hot spot in under 30 minutes.
Third, if police delineate large areas that encompass both hot and cold areas, this could
lead to not only an unnecessary spreading out of scarce resources but also to a watering
down of the effects in these areas. On the other hand, hot spots which are too small can
lead to officer loss of motivation and boredom. Therefore, it is necessary to inform hot
spot policing by not only place-based theories and spatial analysis but also
environmental considerations and operational context.
To strike this balance, we met with officers and supervisors from each agency
who were familiar with these areas. Based on these meetings and other
considerations, we readjusted our 40 initial hot spots to 45 new hot spots, sometimes
2

ArcGIS is a product of the ESRI Corporation (see www.esri.com).
The final geocoding match rate of crime data addresses to x–y coordinates was 91.6% for FCPD and
99.5% for APD. The lower match rate for FCPD could reflect a number of factors, although we suspect it
is due to FCPD’s relative newness to crime analysis, mapping, and a new records management system. It
may also be due to the varied and expanded geographic terrain of Fairfax County compared with
Alexandria City.
4
CrimeStat is a free spatial analysis program available through the National Institute of Justice and the
Inter-university Consortium for Political and Social Research (ICPSR). See http://www.icpsr.umich.edu/
icpsrweb/CRIMESTAT/ for details on the program.
3
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Fig. 1 Mapped hot spots of crime

breaking up hot spots and more carefully redrawing borders to reflect environmental
realities. After further consultation with each agency concerning the patrol resources
they would be able to provide to our experiment, we further reduced our study area
and did not include the eastern portion of Alexandria. This reduced our field of study
to 30 hot spots (shown in Fig. 2), which was manageable with the resources we had
available to us for this experiment. The average number of auto thefts in these hot
spots varied from 5 to 41 incidents during our data collection period (January 2008
through September 2009), with an average in each hot spot during the data collection
period of 20.23 incidents and a standard deviation of 9.412. The average area of the
hot spots selected for this study varied in size from 0.06 square miles to 0.5 square
miles, with an average of 0.24 square miles and standard deviation of 0.105 square
miles. As Fig. 2 shows, some hot spots were on or near the border between
Alexandria City and Fairfax County, while others were not, creating an excellent and
unique opportunity for a multi-jurisdiction study.
Conducting the experiment
In this study, we use a place-based randomized control design, which is highly
regarded as providing believable results when evaluating patrol crime prevention
strategies (Boruch et al. 2000; Weisburd 2000). Of the 30 hot spots, we randomly
assigned 15 to receive the LPR deployment intervention, while the other 15 received
“business as usual” policing (no change in the existing police activities in that area).
The hot spot assignment to experimental and control groups was kept from the
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Fig. 2 Thirty final demarcated hot spots used for experiment

officers involved. To select approximately equal number of hot spots from each
jurisdiction (13 of the hot spots fell in APD’s jurisdiction and 17 in FCPD’s
jurisdiction), we block-randomized by jurisdiction, randomly selecting 7 from
Alexandria City and 8 from Fairfax County to receive the LPR treatment.
Agencies from each jurisdiction allocated two officers and their associated
supervisors to this experiment. In order to insure proper implementation, we trained
each officer with his or her supervisor on the entire experiment and gave each of
them specific instructions about what to do for their daily assignments. By design,
the experiment lasted 30 officer working days for each officer. Within each working
day, we randomly selected five of the experimental hot spots for each officer to work
with LPR each day. Given that each hot spot would require 30 minutes of
deployment, and then time getting to and from that hot spot to the next, we
anticipated with officer input that five would be a reasonable number of hot spots
assigned daily to each officer. Each of the five randomly selected experimental hot
spots were printed onto a hot spot assignment sheet and placed into a sealed
envelope with an instruction sheet. Each agency received 60 envelopes (30 per
officer), which were kept and monitored by a supervisor. Officers received one
packet per day for the 30 consecutive working days they were available for the
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experiment.5 Once officers completed their daily shift, they would seal all of the
materials back into the envelope, and return the packet to their supervisor.
We implemented the experiment on February 22, 2010, for each police
department.6 The Fairfax County Police Department (FCPD) ended its experiment
on April 20, 2010, while the Alexandria Police Department (APD) ended its
experiment on June 1, 2010. During the time of the experiment, the assigned officers
were not required to answer calls for service (unless in emergency or back-up
situations). In FCPD, the experiment was implemented by a marked auto theft
specialized unit, consisting of one detective from that unit and one patrol officer on
detail assigned to this project. Each officer had his own LPR vehicle and was
assigned to work during the day. Hence, there is a possibility that both officers
worked on the same day and times. Limited resources and shift constraints did not
allow the researchers to determine exactly when officers would patrol, although they
generally did so during the daylight hours.
The APD implemented the experiment using two patrol officers in marked patrol
units from the same district. Because of resource scarcity, the department could
assign only one officer per shift to the LPR unit.7 Additionally, APD officers work
11.5-hour shifts, meaning they only work 3–4 days per week. Consequently, the
APD experiment took longer to complete. For the vast majority of the experiment,
the officers were able to maintain the experiment and keep to its instructions,
including following the specific directions the research team provided if they were
unable to complete their daily assignments due to an arrest or other diversion. In
only one case, due to an unavoidable personal situation, an officer did not complete
his 30-day assignment. It is worth noting that this officer could have completed this
assignment, but due to the time restrictions of this project, the GMU team decided to
stop the experiment on that officer’s 26th experimental day.
Experimental fidelity
Overall, fidelity of the experiment was established by strong initial training, supervision,
and detailed instructions included in each daily assignment packet. To ensure correct
implementation of the experiment, each agency assigned supervisors to oversee the
officers. The research team also visited each agency after approximately 7 working days
of the start of the experiment and then subsequently every 10 days or so to pick up
folders and make sure the experiment was going as planned.
The daily logs for each patrol sheet indicate there was proper implementation of
the experiment and that officers followed the 30-minute per hot spot rule. In the
Fairfax County Police Department, of the 300 patrols assigned (five hot spots per
5

There were days during the experimental period in which officers were not available, which extended
both experiments in each jurisdiction further than anticipated.
6
The start date of the experiment was delayed due to the historic 2010 Washington D.C. area snowstorm.
Although most of the snow and ice had been cleared from the roads before the evaluation started, road salt
and debris did affect the effectiveness of the plate readers, and snow banks blocked officer access to some
parts of hot spots during the first few days of the evaluation. Another factor in the delay was the transition
to a new records management system in one of agencies.
7
The two assigned officers from APD worked opposite patrol shifts (day/evening); thus, although they
may have conducted patrols on the same day, there was no overlap of coverage.
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day for 30 days for two officers), officers were unable to complete only 20
assignments. Of those 280 assignments completed, almost all (272) stayed within a
hot spot for 20–40 minutes. In APD, officers did not complete 44 hot spot patrols
primarily because the experiment ended early for one of the two officers. Of these
256 completed assignments, officers spent 20–40 minutes in 248 of them and
followed the 30-minute time-in-hot-spot rule strictly in 236 hot spot assignments.
Responding to crimes, traffic stops, and family emergencies accounted for many of
the missed assignments.
The average number of plate scans within hot spots per 30-minute visit in Fairfax
County was 450. The mean number of plates scanned during a hot spot visit ranged from
a low of 324 to a high of 601. In Alexandria, the average number of plates scanned
within hot spots was 689, ranging from 87 to 1,068.8 The variation between the number
of plate scans can be explained in part by the characteristics of different hotspots—the
presence of a busy street near or in the hot spot, the number of cars that are routinely
parked in the area, and what happened during the hot spot deployment. The difference
in the mean number of plate scans in hot spots was not statistically significant.
Outcomes measured
In our experiment, we measure both the offense-specific and generalized deterrent
effects of LPR deployment (see Durlauf and Nagin 2011; Nagin 1998; Sherman
1990). We defined the offense-specific deterrent effect of LPR as the effect the
intervention had on the most common target of LPR use—auto related offenses. These
include auto theft, theft from auto, and other auto-related crimes (such as driving under
the influence and reckless driving). We used all three types of auto-related crimes for
several reasons. First, the visibility of marked patrol cars with mounted LPR units could
deter these crimes more generally. Second, thefts from autos included stolen license
plates, which are detected through the LPR system. Third, breaking into an automobile,
whatever the motivation (to steal the car or property within the car), is the first step
towards stealing a vehicle and provides the opportunity for the auto theft. Finally, LPR
units are often used to detect vehicles whose owners have previous offending histories
and suspended licenses for drunk or reckless driving. Including these crimes in our study
seemed practical. Table 1 shows the general distributions of our selected measures.
These specific auto-related crimes and also more general crimes were collected from
five time periods and include: (1) pre-intervention period—counts of crimes prior to the
start of the experiment, equivalent to the intervention period for each agency; (2)
intervention period—the time period during the intervention (APD=99 days; FCPD=
58 days); (3) post intervention period—30 days after the intervention stopped for each
jurisdiction; (4) seasonal lag of intervention period—crime counts in the same time
period of the intervention from the previous year; and (5) seasonal post-intervention
period—crime counts for the same 30-day period of the post-intervention period, but
for the previous year.
8

One of the two LPR officers in Alexandria may not have turned off the LPR device in-between hot spots
and reported plate read numbers that were unusually high on some days. Although we had the start and
end number for reads for the day, we could not be sure that the LPR was not used outside the hot spots
(i.e., plates read in between hot spots). Thus, the average for the number of plates scanned in Alexandria
was calculated using only one officer’s reported numbers.
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Table 1 Auto-related crime distributions for the two jurisdictions
Crime type

FCPD

% of total crimes

APD

% of total crimes

All auto-related

2,250

21.5%

655

20.4%

Auto theft and theft from auto

1,018

9.7%

437

13.6%

Percentages shown are of total crimes per jurisdiction

To examine the generalized deterrent effect, we looked at the trends of many
different categories of crime and disorder in hot spots potentially affected by the
intervention. The reason for measuring a general deterrent effect is that even if auto
thefts were not deterred, having a marked patrol unit in these locations may deter
other crimes, as evidenced in previous hot spot patrol studies. In our study, we
measured generalized deterrence using counts of reports of crimes and disorders,
including crimes against persons and property (which included auto-related crimes),
weapon-related crimes, disorders, and drug activity. Table 2 provides the counts, for
the entire Fairfax County and Alexandria City during the period we implemented the
experiment for each jurisdiction, respectively.
Statistical approach and models
Using a randomized controlled experiment, we applied the LPR patrols to our 15
experimental hot spots. We then recorded crimes from each of our three crime
categories—all crimes, auto-related crimes, and auto thefts/theft from auto—for each
of the five time points at the 30 hot spots. Of interest were differences between
treatment and control hot spots for two dependent variables: crimes during the
intervention period and in the post-30-day period immediately following the
intervention. While the control hot spots reflect the most appropriate counterfactual
to the experimental spots, we also incorporated three further controls: the preintervention levels of crime; a seasonable covariate that measures crime levels in the
same period; and a jurisdiction indicator (whether the intervention and hot spot were
located in Alexandria City or Fairfax County).
We also examined the possibility that the effect of the intervention varied across
jurisdictions using an interaction term in addition to examining the main effect of the
intervention. However, given the imbalanced nature of our design (there are 13 hot

Table 2 General crime distributions for the two jurisdictions
Crime type

FCPD

% of total crimes

APD

% of total crimes

Person

1,225

11.7%

508

15.9%

Property

4,503

43.0%

1,761

55.0%

Disorder

3,959

37.8%

742

23.2%

Drugs and vice

667

6.4%

173

5.4%

Weapons

99

1.0%

19

0.6%

Total crimes

10,453

100.0%

3,203

100.0%
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spots in Alexandria and 17 in Fairfax), we focus on the main effects and provide the
results of the inclusion of the interaction term cautiously.
Choosing the most appropriate statistical model to examine the effects of the
intervention depends on the distribution of the dependent variables. While the
distribution of all crimes during the intervention period appears normal, the distributions
of auto-related crimes and auto theft/theft from auto were not. In particular, auto crimes
are skewed, with most hot spots having zero to one crime. This suggested that linear
regression is not an appropriate statistical approach for each of these models, but that
perhaps a generalized linear model (Poisson or negative binomial) would be more
useful, especially to model specific deterrence. Because there was evidence of overdispersion in these low crime counts for auto-related crimes, the negative binomial
generalized linear model was preferred over the Poisson distribution model for autorelated and auto theft/theft from auto categories (Gardner et al. 1995). However, we did
conduct Poisson analyses and found similar findings.
We ran two models. First, we modeled the counts of these different
categories of crime in the intervention period compared to the pre-intervention
period, controlling for seasonal variation. Second, we modeled the counts of
these different categories of crime in the post-intervention period compared to
the pre-intervention period, also controlling for seasonal variation. The models
specified were:
All crimes (general linear models)
Model 1: modeling the intervention period

 

Y ðTxÞ ¼ b0 þ b1 ðx tx Þ þ b2 ðx pre Þ þ b3 x seasonTx þ b4 x ju þ b5 x juINT
Model 2: modeling the post-intervention period

 

Y ðPOST Þ ¼ b0 þ b1 ðx tx Þ þ b2 ðx pre Þ þ b3 x seasonPOST þ b4 x ju þ b5 x juINT
Where
β0
x Tx
x pre
xseasonTx or
x seasonPOST
x ju
[x juINT]

= Intercept
= Intervention (experiment=1, control=0)
= Crime levels during pre-intervention period
= Seasonal covariate; indicates crime levels in the same period of
dependent variable, but one year prior. The addition of “Tx” or
“POST” matches the dependent variable being measured.
= A dummy variable for the jurisdiction (APD=1, FCPD=0)
=Interaction term between the location of the hot spot (APD or
FCPD) and the intervention given. This term was not included in
the main models that were run.

In addition, for auto-related and auto theft/theft from auto crimes, the
variable names remain the same as above. Here, we also included in the model
the natural log of an “offset” or exposure variable, ln(offset). The offset variable
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indicates the number of days (99 or 58) that a hot spot was exposed to the
intervention:
Auto-related and auto theft/theft from auto crimes only (negative binomial models)
Model 1: modeling the intervention period


 


mðTxÞ ¼ exp b0 þ b1 ðx tx Þ þ b2 ðx pre Þ þ b3 x seasonTx þ b4 x ju þ b5 x juINT þ lnðoffset Þ

Model 2: modeling the post-intervention period
mðPOST Þ ¼ exp½b0 þ b1 ðx tx Þ þ b2 ðx pre Þ þ b3 ðx seasonPOST Þ þ b4 ðx ju Þ þ ½b5 ðx juINT Þ
þ lnðoffset Þ
Results
Table 3 shows the counts for the hot spots per jurisdiction for each crime categorization
and for each period measured. Table 4 then displays the mean values across the 30 hot
spots of the experiment in the pre-, during, and post-intervention periods.
Table 3 Mean counts of crimes for hot spots by jurisdiction and measure for Fairfax County (FCPD) and
Alexandria City (APD)

All crimes
Pre-intervention
During intervention
Post-intervention
Seasonal intervention (2009)
Seasonal post-intervention (2009)
Auto-relateda
Pre-intervention
During intervention
Post-intervention
Seasonal intervention (2009)
Seasonal post-intervention (2009)
Auto theft/theft from auto
Pre-intervention
During intervention
Post-intervention
Seasonal intervention (2009)
Seasonal post-intervention (2009)

FCPD (17 hot spots)

APD (13 hot spots)

Mean

SD

Mean

SD

52.24
86.41
41.12
82.65
44.53

24.004
41.384
20.068
43.190
24.567

71.31
77.77
17.85
66.00
25.38

45.644
46.494
12.233
37.076
15.570

12.82
16.71
6.88
9.06
7.94

6.635
9.835
3.295
5.309
4.981

17.00
16.54
3.77
13.15
6.69

13.916
12.190
3.059
7.679
5.407

7.12
6.24
2.76
4.94
2.71

3.407
3.882
2.223
2.817
1.312

14.62
12.23
2.69
9.77
4.62

13.035
8.691
2.689
6.698
2.755

a
Auto-related means auto theft, theft from auto, and other auto-related offenses such as driving under the
influence and reckless driving
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Table 4 Mean counts of crime in the control and experimental group combined by period measured
Control or experiment

Mean

SD

SE

Min

Max

Control
Experiment
Total
Control
Experiment
Total
Control
Experiment
Total

60.87
60.13
60.50
79.67
85.67
82.67
32.40
29.67
31.03

39.379
32.935
35.671
48.153
38.878
43.109
23.591
17.690
20.535

10.168
8.504
6.513
12.433
10.038
7.871
6.091
4.568
3.749

15
12
12
19
28
19
3
5
3

149
151
151
164
170
170
91
60
91

Control
Experiment
Total
Control
Experiment
Total
Control
Experiment
Total

13.80
15.47
14.63
15.33
17.93
16.63
5.47
5.60
5.53

8.402
12.386
10.434
9.788
11.768
10.717
3.758
3.376
3.511

2.169
3.198
1.905
2.527
3.039
1.957
.970
.872
.641

3
4
3
3
4
3
0
0
0

28
54
54
32
49
49
12
12
12

Auto theft/theft from auto
Pre-intervention
Control
Experiment
Total
During intervention
Control
Experiment
Total
Post-intervention
Control
Experiment
Total

9.60
11.13
10.37
8.07
9.60
8.83
2.47
3.00
2.73

6.833
11.855
9.539
5.298
8.458
6.978
2.642
2.171
2.392

1.764
3.061
1.742
1.368
2.184
1.274
.682
.561
.437

3
2
2
3
2
2
0
0
0

23
50
50
20
35
35
8
8
8

All crimes
Pre-intervention

During intervention

Post-intervention

Auto-related crimes
Pre-intervention

During intervention

Post-intervention

General deterrence of all crimes
Figure 3 shows the weekly counts of all crimes for APD and FCPD during the preintervention, intervention, and post-intervention periods. The experimental period is
delineated by the vertical lines for each jurisdiction, respectively.9 No clear pattern
emerges from these visualizations between control and experimental groups.
In applying the models when examining the general deterrent effect of LPR
patrol, there appeared to be no discernible difference in the levels of crime during or
after the intervention period between experimental and control hot spots (Table 5).
While on average the experimental hot spots during intervention had approximately
9
Weekly trends of all crimes for Alexandria from the week of November 15, 2009 (“Week 1”) through the
week of June 30, 2010 (“Week 32”) and for Fairfax County from the week of December 26, 2009 (“Week 1”)
through the week of May 20, 2010 (“Week 21”).
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60
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40
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Week 1
Week 2
Week 3
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Week 5
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Week 7
Week 8
Week 9
Week 10
Week 11
Week 12
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Week 25
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Week 27
Week 28
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Number of Offenses

Fig. 3 Weekly trends of all
crimes for Alexandria City
(APD) and Fairfax County
(FCPD)
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General Crime (FCPD)
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120
100
80
60
40
20

Experimental

Week 21

Week 20

Week 19

Week 18

Week 16

Week 17

Week 15

Week 14

Week 13

Week 12

Week 11

Week 9

Week 10

Week 8

Week 7

Week 6

Week 5

Week 4

Week 3

Week 2

Week 1

0

Control

4 more crimes, and slightly less crimes (.07 on average) in the post-intervention
period, these differences were not statistically significant. In our discussion, we offer
suggestions as to why this may have occurred.
It appears that crime levels during the treatment period were best predicted by
crime levels in the same period before treatment and during the same period a year
prior (the “seasonal effect”). Although crime levels in the post-intervention period
were not significantly influenced by crime levels prior to treatment, a seasonal effect
was also found. Hot spots in Alexandria City had significantly fewer crimes
compared to Fairfax County in the post treatment period, although this was found in
both treatment and control groups. Further, the inclusion of the interaction term does
Table 5 Linear regression results for general deterrent effect of LPR
Model 1

Model 2

Y(crime levels during treatment Tx)

Y(crime POST-intervention)

Constant

10.12 (7.491)

10.13 (4.534)*

Intervention effect (Tx=1)

4.16 (5.932)

-.07 (3.308)

Pre-intervention crime levels

.68 (.151)***

.06 (.071)

Seasonal effect (either Tx or
POST in 2009)

.47 (.130)**

.62 (.118)***

Jurisdiction effect

−14.10 (7.626)

−12.60 (4.749)*

Adjusted R2

.87 (15.801)

.81 (9.031)

Unstandardized β coefficients reported, with standard errors in parentheses
*p<.05, ** p<.01, ***p<.001
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not change these substantive results, indicating the effects of the intervention did not
differ across the two jurisdictions. Again, we report the inclusion of the interaction
term cautiously, given that the unbalanced nature of our sample across the two
jurisdictions.
Offense-specific deterrence of auto theft and auto-related crimes
Figure 4a, b shows the weekly counts of auto-related crimes and auto theft/theft
from auto for APD and FCPD during the pre-intervention, intervention, and
post-intervention periods for each jurisdiction, respectively. Like all crime, no
clear pattern emerges from these visualizations between control and experimental groups.
Similarly, we did not discover a statistically significant offense-specific
deterrence effect of LPR deployment in hot spots on auto theft or auto-related
crimes (Table 6). While there was, on average, 16 and 11% more auto-related
crimes in experimental hot spots during and post-intervention, respectively, these
differences were not significant. Similarly, experimental hot spots of auto theft
exhibited only a miniscule and non-significant difference compared with control
hot spots during treatment, and 20% more crime than the treatment group during
the post-intervention period (also not significant).10 While hot spots in Alexandria
City had significantly fewer crimes compared to Fairfax County in both the
treatment and post treatment periods, this was found in both treatment and control
groups. As with all crimes above, the effects of the intervention did not differ
across the two jurisdictions.11
A note on sensitivity tests for displacement and diffusion
This study was not designed to specifically measure displacement of crime and
diffusion of benefits (see Clarke and Weisburd 1994; Weisburd et al. 2006),
primarily because of the small number of hot spots and adjacency between
some hot spots. Although the individual re-mapping of hot-spot boundaries
helped to define areas that were more environmentally distinct, there may be
the possibility of displacement of crime and diffusion of benefits to adjacent
control hot spots from experimental ones. The limitation on the number of hot
spots in these two jurisdictions did not allow for the creation of clearly distinct
and separated hot spot locations with non-overlapping buffer zones to measure
displacement.
However, to consider the possibility of displacement and diffusion, we ran
sensitivity tests for each of our models, controlling for possible effects of the
10

The large percent differences are due to the low base rates of crime in each experimental and control hot
spots.
11
Again, when including the interaction effect between the intervention and the location of the hot spot,
no substantive changes were discovered, with the exception of the significance of the independent
jurisdiction effect, which became less significant and greater than.05. It appears that hot spots in
Alexandria either during the treatment period or after, had less auto-related thefts recorded in the hot spots,
independent of whether the hot spot received or had more or less auto-related crimes during the preintervention period or during the year prior.
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Fig. 4 a Weekly trends of autorelated crimes and auto thefts/
thefts for Alexandria City
(APD). bWeekly trends of autorelated crimes and auto thefts/
thefts for Fairfax County
(FCPD)
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intervention from experimental to control hot spots. To do this, we created a dummy
variable to control for the presence of an adjacent experimental hot spot to a control
area. This allowed us to detect whether any differences created by the intervention in
an experimental hot spot was the result of displacement or diffusion. The inclusion
of this factor in each of the models described above did not significantly influence
any of the effects shown.
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Table 6 Negative binomial results for specific deterrent effect of LPR
Auto-related
Auto-related model Auto-THEFT
Auto-THEFT
model 1 Y(Tx) 2 Y(POST)
model 1 Y(Tx) model 2 Y(POST)
Intercept (all ***)

−2.22 (.473)

−2.89 (.519)

−2.75 (.406)

−3.63 (.519)

Intervention effect (Tx=1)

.15 (.383)

.10 (.416)

.00 (.393)

.19 (.435)

Pre-intervention crime levels .04 (.023)

.03 (.030)

.04 (.022)

.04 (.031)

Seasonal effect

.04 (.039)

.03 (.052)

.05 (.045)

.08 (.120)

Jurisdiction effect

−.924 (.400)*

−1.03 (.443)**

-.55 (.487)

−1.14 (.558)*

Chi-square (df=25)

4.446

7.914

6.166

14.456

Log-likelihood

−111.326

−80.853

−93.100

−63.486

Unstandardized β coefficients reported, with standard errors in parentheses
*p<.05, ** p<.01, ***p<.001

Discussion of limitations of this study
Past evaluation research on police deployment practices clearly indicates that
targeted, hot spot patrol using focused interventions can be very effective in
deterring crime at and around those hot spots. However, our findings indicate that,
when small numbers of LPR patrols are used in crime hot spots in the way we have
tested them here, they do not seem to generate either a general or offense-specific
deterrent effect. Taylor et al. (2011) found similar outcomes, even when using more
officers across a longer time period in a single jurisdiction. Taylor et al. also found
that LPR used in conjunction with traditional hot spots patrol did not result in the
same significant reductions in crime compared to hot spots in which an auto theft
specialized unit did manual checks (although the traditional hot spot patrols with
LPR had detected more stolen automobiles).
Despite these findings, there are interesting lessons that emerge from the
limitations of this study. For example, it is possible that the lack of significant
difference between treatment and control hot spots in this experiment reflects
the weakness in the intensity of the intervention in our experiment. Perhaps if
more LPR units were available to deploy to multiple hot spots more often, an
effect may be discovered. As with many types of deployment options available
to the police, there may be a threshold of dosage that could lead to a deterrent
effect. However, because of very limited resources in both APD and FCPD,
there was likely only a single vehicle involved in an experiment hot spot at any
given time. This intensity differs drastically from other hot spot experiments in
which saturation of patrol and an “all-hands-on-deck” approach is employed
(Sherman and Weisburd 1995; Weisburd and Green 1995). But the small number
of LPR units per jurisdiction is an empirical reality, as Lum and colleagues (2010)
found in their national survey. If this limited resource availability of LPR is likely
to reflect the normal situation in many agencies that use LPR, we suggest that a
combination of LPR units and other auto-theft tactical approaches in hot spots may
be more useful in a situation of limited resources. We also hypothesize (although
further testing is needed) that a time-sensitive approach in hot spots is more
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economical. LPR can also be used for many other non auto related offenses,
discussed shortly.
Related to this issue is that the sample size in this experiment was small. Thus, the
statistical power to detect even a small effect was low. This is an unfortunate problem in
many hot spots studies, where the number of hot spots available for analysis (or
intervention) are few. Further, unlike Sherman and Weisburd's (1995) experiment, the
size of our hot spots, although small, were larger than single addresses or blocks, given
the nature of the intervention and crime problem. Increasing the size of hot spots will
reduce the available number of hot spots for analysis. Given this limitation, however, it
is important to note that we did not find consistent results of the intervention in any
particular direction, during or after treatment.
A lack of treatment effect may also be due to the length of time the intervention
was implemented, which again, was determined by both the resources available to
the researchers and to the police agencies for this field experiment. Ninety-nine and
58 days, respectively, in Alexandria City and Fairfax County may be too short a time
to generate a change in the perceptions of individuals from which a deterrent effect
might be generated. Perceptions of policies can be important in generating deterrent
effects (Nagin 1998), and this may be the case with LPR. However, Taylor et al.
(2011) conducted their first experimental phase over 30 weeks and their second
phase over 18 additional weeks, also not finding significant effects of LPR on crime
reduction. Ultimately, proactive hot spots approaches, since they have been shown to
be effective, need to be institutionalized into the regular activities of patrol, rather
than housed only within specialized units or a special program or research study.
Crime prevention and deterrence interventions in hot spots, because of their stability
(Weisburd et al. 2004), require consistent efforts, such as maintaining elevated patrol
presence and other problem-solving approaches that keep crime at a minimum.
Problem-solving and tailored approaches also imply that the timing of the
intervention may be important to maximizing crime reduction. In our experiment,
we designed the study to work with officer schedules and other responsibilities (i.e.,
court apperances, training, etc.). The choice of when officers went to hot spots was
therefore not tightly controlled. Yet, research indicates that there are temporal
variations in crime over time (for a general discussion of this, see Felson and
Poulsen 2003; Melbin 1978). Future research should examine the effects of officers
in hot spots at "hot times".
Yet another limitation of this research that reflects the realities of policing is the
availability of information. LPR is an information technology system and therefore
relies on the availability of data from which the system can compare scanned tags. If data
are outdated, limited in depth or scope, or not connected to other sources of information,
this will hamper the capacity of LPR to detect stolen vehicles or vehicles associated with
offenders. At the same time, the data connected to the LPR units in our study reflect what
is common in LPR use nationally. Most LPR units connect to a limited set of data
concerning stolen automobiles, license plates, and, sometimes, wanted individuals who
own those vehicles. These are limits reflected in this experiment. However, expanding
the source and connectivity of LPR data can have consequences on citizen privacy and
police agency legitimacy, as discussed below.
Finally, it may be the case that the sole use of LPR by uniformed vehicle patrols
reduces the deterrent effect of that patrol unit. For example, if an officer is sitting in a
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fixed location scanning cars passing by, he or she may provide less general coverage
of a hot spot, even within 30 minutes, than a roaming car might provide.
Alternatively, it might be the case that an officer focusing on LPR “hits” may miss
seeing disorders and crimes because they are distracted by the LPR technology. On
the other hand, LPR can free the officer from constantly running tags on his or her
mobile unit and allow the officer to focus on other tasks. One option that officers
might consider is to view LPR as a background-scanning device while focusing on
activities that evidence indicates are effective policing strategies (problem solving
and proactive patrol in very small hot spots).

Concluding remarks
Given our findings and these limitations, there are a few final considerations
that we wish to leave with the reader. First, LPR is rapidly diffusing into
American law enforcement, especially among larger agencies. This rapid
technological diffusion is occurring irrespective of the evidence about the
crime prevention effectiveness of LPR. Indeed, the International Association of
Chiefs of Police recommended the acquisition of LPR technology for police
agencies prior to an experimental evaluation of its crime control or prevention
effectiveness.12 In 2008, the Department of Homeland Security Urban Area
Security Initiative (UASI)13 did just that, and, in northern Virginia and the District
of Columbia alone, $4.4 million was allocated for jurisdictions to acquire LPR
(Virginia Department of Emergency Management, 2008). While this study and
Taylor et al. (2011) have found that LPR does not achieve a prevention or deterrent
effect in the way it was tested here, the many limitations of this study emphasize
that there may be other ways LPR might be used to generate a crime control effect
that have not yet been tested. These uses may have nothing to do with auto thefts;
indeed, auto thefts have been declining for some years, mostly due to auto theft
technology in cars and keys. In terms of cost-effectiveness, finding ways to get the
most out of LPR units already purchased may be the impetus for more evaluation
on what could be an optimal use of LPR for crime prevention or deterrence.
Our experiments reveal that we have to think more carefully about ways to
optimize the effectiveness of technologies given the many mandates for which
the police are responsible (i.e., reducing crime, maintaining legitimacy in
democratic society, achieving cost-savings, etc.). It could be the case that the
effects of LPR are masked by logistical issues related to the technology. For
instance, greater frequency of hot spot visits with LPR units may lead to an
effect. Yet, most agencies currently have only one or two units to deploy at any
given time (Lum et al. 2010). Or, perhaps if the data supporting LPR units were
more expansive, more crime detection and prevention might be achieved. One
12

International Association of Chiefs of Police (2007). Support for License Plate Reader Systems. Accessed
May 24, 2010 from the International Association of Chiefs of Police website: http://www.iacp.org/resolution/
index.cfm?fa=dis_public_view&resolution_id=324&CFID=9952799&CFTOKEN=30183528
13
In a recent report by USA Today, a spokesperson for ELSAG, one of the major manufacturers of LPR
systems, estimated that approximately 40 agencies in the DC metropolitan are using LPR systems.

License plate reader (LPR) police patrols in crime hot spots

343

might imagine many different offender or place-based datasets to which vehicle
license plates might be linked, to increase the range of crimes of which LPR could
deter, detect, or reduce. Further, the data collected from the LPR units themselves
might be used in proactive ways to prevent crime. Lum et al. (2010) discusses a
“continuum of uses” of LPR, including primary use for detecting auto thefts,
directly linking to other databases, or proactively mining LPR data for crime
prevention purposes. Yet, each of these uses carries various privacy and other legal
concerns. And, there is still the real possibility that LPR is not an effective
technology for police work.
However, our findings do not suggest that we should be resigned to using arrest
and recovery rates as the measure of success of LPR. During the presentation of
these findings at the 2010 Stockholm Symposium, an individual suggested that the
non-significant findings simply reinforced the notion that the performance measure
used for LPR should not be crime rates but rather arrests and license plates scanned.
We disagree. Police scholarship has made significant inroads into moving police
away from only considering reactive, police-initiated performance measures such as
numbers of arrest. Indeed, arrest rates can increase with no effect on crime or calls
for service. Rates of crime or calls for service could even increase during periods of
more arrests. Further, one would be hard pressed to justify a $20,000 purchase of an
LPR unit with an increase of a few arrests but without a decrease in crime (unless,
perhaps, those arrests could be linked to a decrease in crime over the long term). We
also disagree with the argument that promotes a “number of scans” or “number of
positive hits” benchmark for successful deployment. Most obviously, an officer can
obtain the same number of scans in one area compared to another, but with different
positive hit rates.
Despite these limitations and the null findings, this experiment, with Taylor et al.
(2011), are two of the first experimental evaluations of a police technology and their
effects on crime. Surprisingly, there are only a few evaluations which focus on the
effectiveness of LPR technology. However evaluations of technology effectiveness
can lead to interesting findings about not only the utility of the technology, but also
the nature of policing and police organizations.
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