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Abstract. We present MethMorph, a system for producing realistic
simulations of how drug-free people would look if they used methamphetamine. Significant weight loss and facial lesions are common side
effects of meth usage. MethMorph fully automates the process of thinning the face and applying lesions to healthy faces. We combine several
recently-developed detection methods such as Viola-Jones based cascades
and Lazy Snapping to localize facial features in healthy faces. We use the
detected facial features in our method for thinning the face. We then synthesize a new facial texture, which contains lesions and major wrinkles.
We apply this texture to the thinned face. We test MethMorph using a
database of healthy faces, and we conclude that MethMorph produces
realistic meth simulation images.

1

Introduction

Methamphetamine abuse contributed an economic burden of $23.4 billion to
the United States in 2005 [1]. The meth epidemic has affected large portions of
rural, suburban, and urban America [2]. In 2005, fifty percent of the Montana jail
population was incarcerated for meth usage or other meth-related offenses [2].
The Meth Project is one of the world’s largest anti-meth organizations, and
its efforts span eight U.S. states. The Meth Project deployed a large-scale marketing campaign designed to discourage meth use among teenagers in Montana [2]. This marketing campaign uses many images of methamphetamine
abusers’ faces [3]. As shown in Figure 1, these images illustrate common side
effects of meth, such as wrinkles, severe weight loss, and lesions. The Meth
Project found that the use of such images in anti-meth marketing campaigns
can deter teens from using methamphetamines. While teen methamphetamine
usage remained relatively constant across the nation from 2005 to 2007, campaigns by The Meth Project helped to reduce meth usage by forty-five percent
over the same time period in Montana [2].
“Meth will make you look different from normal” serves as one of the key
messages of The Meth Project [2]. So far, The Meth Project has illustrated this
message with photos of meth users’ faces. The leaders of The Meth Project expect
that they could further reduce meth usage if it were possible to simulate what a
?
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Fig. 1: Representative before-and-after images of a meth user. Courtesy of Faces
of Meth [4].

drug-free individual would look like if he or she became addicted to meth. Toward
this goal, we have collaborated with The Meth Project to develop MethMorph,
an automated system to produce realistic methamphetamine facial simulations.
MethMorph takes images of faces as input and produces “MethMorphed” images
as output.
Developing an automated system to produce methamphetamine facial simulations presents three key challenges. The first of these challenges is to recognize
the overall facial region, as well as the chin line, mouth, eyes, and nostrils in
an image. Once the facial features are detected, the next challenge is to warp
the shape of the face to depict wrinkles and significant weight loss. The final
challenge is to depict lesions by changing the texture and color of the warped
face. We address the challenges of facial feature detection, facial deformation,
and facial texture modification in Sections 2, 3, and 4, respectively. In Section 6,
we conclude that MethMorph produces realistic methamphetamine facial simulations.

2

Facial Feature Detection

Facial feature detection is crucial for enabling a realistic, automatic methamphetamine facial simulation. Within the facial region, we detect the location of
the chin line in order to know what portion of the image to deform into a thinner,
more wrinkled face. Chin line detection is particularly important for deformation, because it allows us to thin the cheeks without unintentionally thinning
the neck. In addition, detecting the locations of the eyes and nostrils allows us
to avoid placing lesions on the eyes and inside the nostrils. Figure 2 illustrates
some of our facial feature detection goals.
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Fig. 2: Pink dots on this face show correctly detected eye corners, lips, and chin
line. We also detect the nostrils, though nostril detection is not shown in this
figure.

2.1

Related Work in Facial Feature Detection

Viola and Jones introduced a face detection method that uses a cascade of simple classifiers [5] [6]. Given an image, the classifiers quickly reject image regions
that do not even slightly resemble a face. The Viola-Jones method then explores
remaining image regions with additional classifiers. After applying several classifiers, the method concludes where the faces, if any, lie in the image.
Over the past decade, the computer vision community extended the ViolaJones cascade to create numerous face and facial feature detection methods.
Castrillón et al. survey and evaluate several of these Viola-Jones based methods
for localizing faces and facial features in images in [7] and [8]. Many of these
methods are integrated into the Open Computer Vision Library (OpenCV) [9].
The work by Castrillón et al. influenced our choices of methods for detecting the
face, eyes, nose, and mouth in MethMorph.
2.2

Face Detection

The facial feature detection methods that we present in Sections 2.3 through 2.6
require the face to be detected accurately. Prior to detecting facial features, we
first localize the face within an image. Since our facial feature detectors rely on
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the face being localized properly, it is crucial for our face detection scheme to
perform well for a variety of faces.
There exist numerous Viola-Jones based cascades for facial region detection.
A recent study by Castrillón et al. [7]. found that two cascades called FA1 1 and
FA2 2 developed by Lienhart et al. [10] offer greater accuracy than other publiclyavailable cascades in detecting the facial region. The cascades by Lienhart et
al. [10] were among the first Viola-Jones based cascades to appear in OpenCV [9].
Given an image, we localize the facial region with the FA1 cascade developed
by Lienhart et al. [10]. Our experimental results show that the face detection
succeeds for 100% of the twenty-seven images that we tested.

2.3

Robust Chin Line Detection

Once we localize the facial area, we then extract the exact position of the chin
line. For chin line detection, we use a method called Lazy Snapping [11].
Lazy Snapping, which combines GraphCuts and over-segmentation, has minimal dependence on ambiguous low-contrast edges. Thus, Lazy Snapping reduces
the dependence on shadows for chin line detection.

2.4

Eye and Eyebrow Detection

We localize the eye region with a detection cascade developed by Bediz and
Akar [12]. This detector is implemented as part of OpenCV [9]. Out of all
publicly-available Viola-Jones cascade eye region detectors, Castrillón et al.
found that the Bediz-Akar detector offers the greatest accuracy [7]. Within the
eye region, we apply Canny edge detection [13] to locate the corners of the eyes.
Our eye detection method succeeded in 100% of our twenty-seven input images. Figures 3a and 3b illustrate successful eye detection. Note that Figures 3a
and 3b also show eyebrow detection, but eyebrow detection is not essential to
our MethMorph system.

2.5

Lip Detection

We localize the mouth region with the ENCARA2 mouth detection cascade [14].
Castrillón et al. found that, out of all publicly-available Viola-Jones cascade
mouth region detectors, ENCARA2 offers the greatest accuracy [7].
Within the mouth region, localize the lips with a time-adaptive self-organizing
map (SOM). A study by Kamali et al. showed that this time-adaptive SOM exhibits greater accuracy than Snakes [15] for localizing the boundaries of the
lips [16]. This method succeeded in localizing the lips in all of our tests.
1
2

FA1 is a common abbreviation for haarcascade frontalface alt
FA2 is a common abbreviation for haarcascade frontalface alt2
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(b)

Fig. 3: Successful eye detection

2.6

Nose and Nostril Detection

We localize the nose region with the ENCARA2 nose detection cascade [14].
Out of all publicly-available Viola-Jones cascade nose detectors, a recent study
found that ENCARA2 offers the greatest accuracy [7].
Within the nose region, we apply Snakes [15] to obtain a precise outline of
the nostrils. The combination of the ENCARA2 cascade and Snakes successfully
localized the nostrils in 93% of the twenty-seven faces on which we tested MethMorph. Figure 4a shows the typical accuracy of our nostril detection technique.
In Figure 4b, a mustache adds additional clutter, which reduces the likelihood
that Snakes converge to the nostrils.

3

Facial Deformation

Once we detect the face, eyes, chin line, nostrils, and lips, our next objective
is to thin the face. To perform the facial thinning, we apply a method developed by Fang and Hart for deforming the surfaces of objects in images [17].
The Fang-Hart deformation method takes an image along with an existing curve
in an image, curve1 , and an additional curve, curve2 . The method then deforms curve1 to the shape of curve2 . In addition, the Fang-Hart deformation
method adapts the texture from the original image to keep its original proportions, while reshaping the texture to fit onto the deformed image. To achieve
this deformation and retexturing, the the Fang-Hart method extends techniques
such as GraphCuts, Poisson image editing [18], and Image Completion [19].
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(a) Properly-detected nostrils

(b) Mustaches make nostril detection
more difficult

Fig. 4: Nostril detection examples

In the context of MethMorph, the chin line detected in Section 2.3 serves
as curve1 in the Fang-Hart deformation. We compute curve2 as the average of
the chin line, curve1 , and a custom-made “thin face” template. Then, we apply
the Fang-Hart deformation method to deform curve1 into the shape of curve2 .
The result is a thinned face that is characteristic of meth users. We find that,
for all the images that we tested, the Fang-Hart method succeeds in producing
a realistically thinned face.

4

Lesion Simulation

Given a deformed image in which facial feature locations are known, the final
step is to replace the healthy skin texture with a texture that has the lesions that
are characteristic of meth users. MethMorph’s lesion simulation method is based
on Textureshop [20], a technology developed and patented [21] by the University
of Illinois for retexturing surfaces depicted in a single raw photograph.
What differentiates Textureshop from other retexturing approaches is that
Textureshop avoids the reconstruction of a 3D model of the shape depicted in a
photograph, which for single raw uncalibrated photographs is a notoriously errorprone process. It instead recovers only the orientations of the depicted surfaces
and uses these orientations to distort a newly applied texture so it appears to
follow the undulations of the depicted surface. While Microsoft and Adobe have
already expressed interest in licensing the patented Textureshop technology for
their own software, The University of Illinois is allowing MethMorph to serve as
its premiere application debut.
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Fig. 5: Facial lesion texture template

In the general case, Textureshop works as follows. First, use a reflectance
model to compute the normals of surfaces in an image. Next, group the surface
into patches that have similar surface normals. Then, extract and store the
textures from these surfaces. Finally, apply a new, custom synthesized texture
to surfaces (facial skin, for example) in an image. For one or more objects in the
resulting image, a new, synthetic texture follows the underlying objects.
For MethMorph, Textureshop uses Poisson image editing [18] to synthesize
a new “skin with lesions” texture based on the original skin texture and our
custom-made lesion texture template, which is shown in Figure 5. The result is
a face that has realistic lesions and also retains its original skin tone.
Note that we must avoid placing lesions on the eyes or inside the nostrils.
To achieve this, we use the eyes and nostrils that we detected in Sections 2.4
and 2.6. Also, since the facial skin color often does not match the skin color of
the lips, we also separately blend the original lip texture with the lesion texture.
To differentiate between the facial skin and the lips, we use the lip detection
results from Section 2.5.

5

Results

Figures 6b and 7b illustrate the success of MethMorph in producing realistic
methamphetamine facial simulations. The success of MethMorph relies on accurate facial feature detection. Given the high success rates of the facial feature
detection methods presented in Section 2, it is no surprise that MethMorph offers
a high end-to-end success rate.

6

Conclusions

MethMorph applies several recent innovations in computer vision and graphics.
We found that Viola-Jones based detectors are sufficient for localizing facial
feature regions. The application of snakes to the nose region offers a high success
rate for precisely detecting the nostrils. The Fang-Hart deformation method
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(a) Healthy Face

(b) MethMorphed Face

Fig. 6: MethMorph applied to a healthy face

(a) Healthy Face

(b) MethMorphed Face

Fig. 7: MethMorph applied to a healthy face
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succeeds in thinning the face in the manner that a meth user would experience.
The Textureshop retexturing technology enables the application of lesions to the
skin.
In conclusion, MethMorph succeeds in simulating the visual appearance of
meth addiction. Our work also demonstrates the effectiveness of Fang-Hart Deformation method and Textureshop in a real-world application.
MethMorph is slated to play a significant role in The Meth Project’s campaign against meth usage in the United States. Thus, MethMorph offers significant value to society while also demonstrating the effectiveness of recent
computer vision and computer graphics methods.
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