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Shoe prints are commonly found at the scene of a crime and can sometimes help link a suspect to the scene.
Because prints tend to be partially observed or smudgy, comparing crime scene prints with reference
images from a putative shoe can be challenging. Footwear examiners rely on guidelines such as those
published by SWGTREAD [1] to visually assess the similarity between two or more footwear impressions,
one reason being that reliable, quantitative methods have yet to be validated for use in real cases. To help in
the development of such methods, we created a study dataset of images of outsole impressions that shared
class characteristics and degree of wear and that were subject to a specific type of degradation. We also
propose a method to quantify the similarity between two outsole images that extends the capabilities of
MC-COMP [2]. The proposed method is composed of three steps; (1) extracting image descriptors, (2)
aligning images using the maximum clique, (3) calculating similarity values using two different classifiers;
(a) degree of overlap between the two images, and (b) a score produced by a random forest. To explore the
performance of the algorithm we propose, we compared degraded, crime scene-like images to high-quality
reference images produced by the same or by different shoes. Even though comparisons involved matches
or very close non-matches, and one of the images was blurry, the algorithm shows good source classifi
cation performance.
© 2021 The Author(s). Published by Elsevier B.V.
CC_BY_NC_ND_4.0
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1. Background
In the forensic pattern comparison disciplines including foot
wear impression analysis, examiners typically rely on visual, sub
jective assessment of the similarities between two items. In recent
years, however, there has been a push to develop methods to
quantify similarities and differences between a questioned item
found at a crime scene (e.g., a fired bullet or a print from a shoe) to
a reference item (bullet fired with the suspect’s gun, the sus
pect’s shoe).
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Prints left by the shoes of the perpetrator are commonly found at
the scene, but the footwear evidence is not always useful, either
because it was not recorded, or because the information is not en
ough to lead to an identification of a specific shoe. In many cases, the
information that can be obtained includes the brand, the model, and
the size of the shoes that left the print, but unless one or more of
those characteristics is rare, it is typically not possible to conclude
that it was the perpetrator’s shoe in particular that was present at
the scene. To add to the challenge, shoe prints are subject to back
ground effects such as the pattern or other attributes of the substrate
(tile designs, blood consistency, dirt, snow) and can be more or less
deformed and smudged depending on the activity of the perpetrator
at the time the print was made and on whether the integrity of the
scene was well preserved.
The current practice of evaluating shoeprint evidence consists in
the visual comparison of two or more prints by a trained human
examiner, who can rely on the guidelines published by SWGTREAD
[1]. The conclusion scale that examiners often use includes seven
different levels to represent the strength of the evidence in favor of
“same source”. The report from the National Research Council (2009)
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[3] and the 2016 report from the President’s Council of Advisors in
Science and Technology (PCAST) [4] both highlight the need to de
velop objective and reliable methods for the quantitative analysis of
pattern evidence. In the last several years, research groups in aca
demia, industry and government have proposed new algorithmic
approaches that address those needs [5–7].
The analysis of footwear impressions is particularly challenging
for several reasons. First, impressions from the same shoe can vary
depending on the gait and the weight of the person wearing the
shoe, and also on the activity (walking, running, jumping, etc.) in
which the wearer was engaged when the print was made. While
class characteristics such as make and model might be readily ob
tainable from a crime scene impression, small, individual char
acteristics known as randomly acquired characteristics (or RACs)
may not be visible in impressions that are blurry or contaminated by
background. Researchers wanting to develop algorithms to analyze
footwear evidence have limited access to databases with crime
scene-like images that are large enough and for which ground truth
is known. Finally, crime scene investigators are not always welltrained in the collection of footwear impressions from the scene, and
therefore, the evidence suffers from the effects of poor illumination,
less than ideal camera angles and other limitations.
Without a well designed, reasonably large and accessible data
base of images that mimic real evidence, and for which we know
ground truth, it is difficult for researchers to develop good methods
for the comparison of footwear images, and for evaluators to carry
out black-box studies to assess the performance of human ex
aminers. Notable exceptions are the data sets constructed by
Kortylewski et al. [8] who uploaded a database of crime scene-like
images to the public domain, and Richetelli et al. [9] who collected
outsole impressions made on blood and dirt. Cervelli et al. [10]
compare footwear retrieval systems on synthetic and real shoe
marks from the crime scene and propose a matching method based
on the Mahalanobis distance. Park and Carriquiry [2] produced ar
tificially degraded images of outsoles to test the performance of an
algorithm to quantify the similarity between two impressions. They
found that even with a single image descriptor, the algorithm re
sulted in the correct identification of the source of a print, at least in
the conditions under which it was tested.
Fig. 1 shows an example of a crime scene-like image reproduced
from the database in [9]. The impression was made on acetate with a
dusty outsole, and was then scanned. As is often the case when the
print is made by a dusty outsole, elements of the outsole pattern are
likely to be smudged and no longer distinguishable. Dust may cause
the expansion of pattern elements, making their edges blurry.
There are multiple different approaches for recording footwear
images [11]. In our lab, we rely on a step-on scanner that produces
two-dimensional (2D) gray-scale images of the shoe outsole and that
is manufactured by Everspry (https://www.shopevident.com/
product/everos-laboratory-footwear-scanner). Several other labs in
the US rely on the EverOS scanner as well. When an individual
wearing the study shoe steps on the clear surface of the scanner, the
scanner detects the weight distribution of the wearer and produces
an image of the portions of the outsole that make contact with the
scanning surface. The image is then stored as a 2D gray-scale image
that can be analyzed using standard image analysis software.
The objectives of the study we discuss here are two fold. First, we
construct an experimental dataset that includes a sequence of 2D
images of the same sample of shoes, that were captured with in
creasing levels of blurriness. In every case, the source of the im
pression is known. Second, we extract several different image
descriptors and use them – either individually or in combination – to
classify pairs of images into same or different source categories. The
shoes in the database share class characteristics including brand,
model, size and degree of wear. Therefore, our non-mated compar
isons are made using only close non-matches.

Fig.
1. An
example
of
a
crime
scene-like
print
(‘280RA_E_Background_Subtracted_flip.tif’) with dust scanned on the surface of
acetate from Richetelli et al. (2017) ([9]).

2. A study database of blurred footwear impressions
We randomly selected 12 pairs each of Nike Winflow 4, sizes 8
and 10, from a collection of about 80 pairs of shoes of the same
make, model and sizes that were purchased in 2018. The 80 pairs of
Nike shoes were worn by volunteers who participated in an earlier
study, and who were asked to walk at least 10,000 steps per week in
them, over a period of approximately six months.
Using the 24 pairs of Nike shoes, we created a database of in
creasingly blurry 2D images with the EverOS scanner. To decrease
the sharpness of the scanned impressions, we interposed sheets of
paper between the outsole and the scanning surface of the step-on
scanner. By increasing the number of sheets of paper between the
shoe and the scanner, we control the degree of blurriness in the
scanned impressions. For each shoe, we obtained scans using zero,
two, four, six, eight, and ten sheets of paper placed on top of the
scanning area. We use the term level of degradation to refer to the six
different “treatments”. At all levels of degradation, we obtained
three replicate images of the shoe. In all, the database includes 18
images obtained from each of 48 shoes for a total of 864 images.
When scanning the shoes, there was only one person who wore all
shoes.
Fig. 2 shows a sequence of impressions obtained from the same
shoe, but with increasing degree of blurriness. As more sheets of
paper are placed between the scanner and the shoe, the pattern of
the outsole loses sharpness and edges of pattern elements become
blurry. When the image is scanned with ten sheets of papers on top
of the scanning surface, the elements of the pattern (pentagons,
lines) are more likely to be expanded, smudged, and less well de
fined. It becomes difficult to distinguish the striped lines on the right
2
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Fig. 2. Increasingly blurred impressions from a right side Nike Winflow 4 shoe. The same shoe was scanned with 0, 2, 6 or 10 sheets of paper on the scanning surface of the stepon EverOS scanner.In the analyses that follow, we ignore anything in the images outside of the marked rectangle, to simulate the situation where the impression is partially
observed.

of the outsole or the shape of the polygons in the level-10 images.
These artificially blurred impressions resemble the impressions
scanned on dust in Fig. 1. The rectangles mark the area of the im
pression that is actually used in the comparisons; to simulate the
case where the crime scene image is observed only partially, we
ignore the data outside of the rectangle.

images that include enough detail to permit identifying small ele
ments such as RACs in the outsole. To ensure that the study we
describe is somewhat realistic, we construct pairs of images for
comparison that include one blurry and partially observed im
pression and one good-quality impression. We let Q denote the
questioned or low-quality image and K denote the known-source or
good-quality image. We use the 864 images in the database de
scribed in Section 2 to construct pairs of mated images, where both
images are obtained from the same shoe, and pairs of non-mated
images, where two close non-matching shoes are involved. Every
comparison, whether involving mated or non-mated images, in
volves a partially observed, blurry image of the outsole and a clear,
good-quality image.
Fig. 3 shows two pairs of impressions scanned at level 0 (images
labeled (a) and (c)) and at level 10 (images labeled (b) and (d)) using

3. An algorithm to aid in source determination
3.1. Study design
In real case work, footwear evidence found at the scene of a
crime is often degraded in some way, or is partially observed.
Reference impressions obtained from the suspect’s shoe or from
some other known source, however, are typically high-quality

Fig. 3. Two pairs of mated pairs of images. The left two images were obtained using the shoe with ID number 014 and the right two images were obtained with shoe ID 066. In
both pairs, the left-most impression corresponds to K and the right most impression corresponds to Q. The Q images were made with 10 sheets of paper placed between the shoe
and the surface of the scanner.
3
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Here, we focus on the comparison of pairs of images obtained
either from the same shoe, or from different – but very similar –
shoes. The goal was to determine whether one or more of SURF,
KAZE, and ORB is robust, fast and efficient enough for use in forensic
footwear comparisons, where at least one of the images in the
comparison is degraded. In real applications, it is important to
minimize the computational burden without compromising perfor
mance. Thus, to run our comparisons we chose the number of fea
tures that would strike a good balance between computational
efficiency and prediction accuracy. We first carried out the com
parisons using 500 features extracted using SURF, KAZE and ORB
individually. In a second set of comparisons, we extracted 200 or 300
strong features using each of the three approaches, and then com
bined them into a single set of 500 or 600 features. The hypothesis
we wished to test is whether there might be a gain in accuracy when
combining approaches that exploit different attributes of the images.
In summary, the six different approaches for feature extraction we
tested were:

Table 1
Number of comparisons of each type included in the study.
Degradation level for Q
Class

0

2

4

6

8

10

Mated comparisons
Non-mated comparisons

144
144

144
144

144
144

144
144

144
144

144
144

two shoes from the database (IDs 014 and 066). Images (a) and (b)
were made with the same shoe ID 014, and both images (c) and (d)
were made with shoe ID 066, meaning that each of the two pairs of
images is mated. Images (a) and (c) are good-quality images and play
the role of K, whereas images (b) and (d), which reflect only a por
tion of the outsole and have blurry edges, play the role of Q. A nonmated comparison would include, for example, images (a) and (d), or
(b) and (c). By design, as mentioned earlier, the non-mated com
parisons include only close non-matches with the same class char
acteristics such as brand, model, size and degree of wear.
We constructed a total of 1728 pairs of comparisons, half of
which were between the same shoe, and half of which were be
tween different shoes. Table 1 shows the number of mated (first
row) and non-mated (second row) comparisons included in the
study.

1.
2.
3.
4.
5.
6.

3.2. Feature descriptors
In image analysis, features (also called points of interest) are well
defined, robustly extracted points in an image. Image descriptors
play an important role in image registration (or alignment) and
image comparison, and typically consist of edge, corner, blob, line
and other types of groups of pixels. These features can be trans
formed to be more efficient and robust and to be scale and rotation
invariant. Examples of such features and the type of descriptors on
which they rely include SIFT (blob) [12], SURF (blob) [13], KAZE (blob)
[14], ORB (corner) [15] and more.
The SIFT feature (scale-invariant feature transform) was in
troduced by Lowe (2004) [12], and is among the most popular image
descriptors, at least in terms of usage. SIFT is robust to rotation and
scale transformations, and to the illumination of an image. However,
extracting the SIFT is computationally intensive.
The speeded-up robust feature SURF introduced by Bay et al.
(2006) [13] is also robust to rotation and scale for image registration.
While SIFT relies on Gaussian differences to approximate a Laplacian,
SURF speeds up extraction time by using a box filter on an integral
image (cumulative sums of pixel values to the left and above current
location). Panchal et al. (2013) [16] showed that implementation of
SURF is typically faster than implementation of SIFT, with no no
ticeable differences in performance.
The feature descriptor called KAZE was introduced by Alcantarilla
et al. (2012) [14]. KAZE means “wind” in Japanese, and the name is
meant to evoke the non-linear way in which the wind moves. As its
name suggests, KAZE operates in a non-linear scale space, rather
than the Gaussian scale space in which SIFT and SURF operate. KAZE
features are extracted using nonlinear diffusion filtering, an adaptive
filtering approach that differentially preserves the sharpness of
pattern and noise. Because implementing the nonlinear filters re
quires solving sets of nonlinear differential equations, KAZE is more
computationally demanding than SURF and comparable to SIFT [14].
The oriented FAST and Rotated BRIEF (ORB) [15] is a blended
version of two feature extraction methods: FAST (Features from
Accelerated Segment Test) [17] and BRIEF (Binary Robust In
dependent Elementary Features) [18]. Kulkarni et al. [19] argued that
ORB outperforms SIFT and SURF when comparing outsole images.
In recent years, several research teams have carried out studies to
compare the performance of the various feature descriptors that
have been proposed. Some of the studies include [16,20,21].

SURF(500)
KAZE(500)
ORB(500)
KAZE(200) & SURF(200) & ORB(200); comb200
KAZE(300) & SURF(300); K-S-300
KAZE(200) & SURF(200); K-S-200

For illustration, Fig. 4 shows the features extracted from the
outsole of shoe ID 014 when the shoe is scanned at the best possible
resolution. Each panel corresponds to one of the six methods de
scribed above. Fig. 5 shows the features extracted from an image of
the same shoe, but when the shoe is scanned with ten sheets of
paper placed on the surface of the scanner. Each type of descriptor
has its own distribution of features, so there may be some ad
vantages in combining features from different descriptors.
3.3. Alignment of two images
Features extracted using any of the algorithms described above
can be represented by their coordinate values (x, y) in the images
that we label Q (for questioned) and K (for known). To compare the
two images, one plausible approach is to overlay one on the other
and measure differences. We use an idea from graph theory, called
the maximum clique [22,23]. The maximum clique is defined as the
largest subsets of points in two images that share the same geo
metric arrangement. Consequently, for images K and Q, the max
imum clique corresponds to the set of points that have the same
pairwise distances. An advantage of the maximum clique is its in
variance to rotation and scale.
One limitation of the approach is that identifying the maximum
clique is an NP-complete problem that requires intensive calcula
tions. If we have extracted 100 features from each of Q and K, there
100
will be 2
= 4950 pairwise distances to compute in each image.
Using those pairwise distances we then need to find the largest
subset with the same set of distances between pairs of features
(e.g., [24]).

( )

3.4. Quantifying similarity between two aligned images
Once two sets of features are aligned, we measure the degree of
similarity between the two sets.Suppose that we are able to identify
variables or metrics that take on different values when the two
images in the comparison are mated and when they are non-mated.
If so, and if for a specific pair Q and K we obtain values of the metrics
that indicate that the outsoles are “similar”, then it may be plausible
to think that Q and K were made by the same shoe. This is the
4
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Fig. 4. Features extracted using six approaches using the same image of the outsole of the left shoe from the pair labeled ID 014. The six panels correspond to the case where Q
was scanned at the best possible resolution.

approach we follow. To quantify similarity, we define three metrics
that can be measured on the aligned images: .

boosted_clique extracts the maximum clique in about 1–2 min when
implemented on a Linux server with 16 cores running Ubuntu.

1. The proportion of points (features) in Q and K that overlap,
meaning that the difference in coordinates of the two points is
within a pre-determined threshold (% overlap).
2. The size of the maximum clique (clique size).
3. The median value of the location discrepancy among overlapping
pairs of points in Q and K (median distance).

4. Results
4.1. Classifier based on %overlap
Using the same set of the mated and non-mated comparisons
described in Section 3.1, we extracted features from Q and K to
summarize the images. The number and type of points of interest
were obtained using six different methods or combination of
methods that were described in Section 3.2.
We first aligned the set of features extracted from Q and K, using
the maximum clique approach. From each of the aligned pairs of
images, we compute the value of the three similarity statistics de
scribed earlier. Initially, we focus on %overlap, and compute its value
using all mated and non-mated pairs of images where Q is degraded
at level 10. We repeated the same calculations for each of the six
methods we list above and for an additional, independent approach
that consists in using a phase-only correlation (POC) to quantify the
similarity between the two images in a pair. The goal was to include
a “standard” method to quantify similarity between two images that
only relies on existing software.The POC-R is a POC value after two
images are aligned using a built-in registration function called im
regform in Matlab. The POC approach was discussed in [9] as a
possible method to classify crime scene-like images.
Fig. 6 summarizes the results. The panels along the main diagonal
show estimated densities for %overlap scores calculated on mated
(orange) and non-mated (teal) pairs of images with Q degraded at level
10. Little or no overlap observed between the orange and teal

A more detailed discussion can be found in [2].

3.5. R-package: Shoeprintr
To speed up calculations, rather than comparing the entire set of
features in Q to those in K, we propose a down-sampling approach to
reduce the number of interesting points in Q. We first divided Q into a
regular grid with 100 sub-areas, and from each sub-area we randomly
sampled one of the points of interest in the sub-area. This reduces the
number of features in Q to 100 features that are well distributed on the
entire image Q. We use the down-sampled set of features on Q and the
entire set of features in K to calculate the maximum clique.
All of the calculations described in this manuscript can be im
plemented using the freeware Shoeprintr, an R-package developed
by us. This package contains a function called boosted_clique, which
implements a parallelized version of the maximum clique algorithm,
and also includes functions to down-sample Q. Depending on the
number of cores available, parallelizing the maximum clique calcu
lations can reduce computing time by about 10-fold. With 500 fea
tures extracted from Q and K, and with down-sampling of Q,
5
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Fig. 5. Features extracted using six approaches using the same image of the outsole of the left shoe from the pair labeled ID 014. The six panels correspond to the case where the Q
image was scanned at degradation level 10.

distributions is an indicator that%overlap can be used to estimate the
probability that a pair of impressions was made by the same or by
different shoes. In the ideal case of no overlap, %overlap would be able
to discriminate perfectly between mated and non-mated pairs of
images. We do observe some separation between the two distributions
when features extracted using SURF, KAZE or the combinations of
descriptors were used for alignment. When the % overlap scores relied
on ORB features however, the discrimination power of the score dis
appeared. This is most likely due to the fact that ORB produces de
scriptors that are based on corners in the outsole pattern, which are
blurred in the Q images we degraded. We included POC-R for com
parison, and found that in this particular situation, POC-R fails to
distinguish between mated and non-mated pairs of images. A reason
for this poor performance is that POC is not invariant to rotation of one
of the images, so to implement POC, we first need to estimate a ro
tation angle required to align the images. When Q is blurred, it is
difficult to accurately estimate the rotation angle.
The off-diagonal panels below and above the densities in Fig. 6
provide information about the relationships between the %overlap
scores that are obtained using different sets of features. As would be
expected, there is a high positive correlation among the scores based
on SURF and KAZE features (and on the corresponding combina
tions) both for mated and non-mated pairs of images. The pairwise
correlations that involve ORB features or POC-R are lower, as we
might have anticipated given that ORB features and POC-R rely on
different attributes of the outsole pattern.
Fig. 7 shows the receiver operating characteristic (ROC) curves
restricted to the subset where sensitivity of the %overlap statistic as

a classifier exceeds 0.75. Each panel corresponds to a different level
of blurriness of Q. As would be expected, the performance of the
classifier decreases as Q becomes more degraded, regardless of the
image descriptor (or combination) used in the analysis. Fig. 8 shows
the corresponding areas under the ROC curves. Consistent with the
score distributions shown in Fig. 6, SURF and KAZE features appear
to have better discrimination ability than ORB. In fact, even at Level
10 of degradation of Q, the classifiers based on SURF and KAZE (or a
combination) appear to distinguish between mated and non-mated
images reasonably well. The combinations of features extracted by
SURF, KAZE and ORB also lead to a good classifier, but this is probably
due to the contribution of the SURF and KAZE features.
Table 2 shows the equal error rates (EER), the point on the ROC
curve where the probability of a false positive and the probability of
a false negative are the same. At Level 0, the %overlap classifier that
relies on SURF has the lowest EER of about 0.04. The classifiers based
on the combinations of SURF and KAZE features, as well the classifier
based on KAZE features alone, all exhibit EERs below 10%. These are
also the best performing classifiers when the Q image is blurry, ex
cept that the best performer in that case is the classifier based on the
combination of SURF, KAZE and ORB features.
4.2. Alternative classifier based on three similarity metrics
So far we have presented the results we obtained when only the
%overlap metric was used as a classifier. Here, we re-introduce the
other two metrics – size of the maximum clique (MC) and median
distance between overlapping pixels – and construct a similarity
6
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Fig. 6. Density estimation and correlation of the %overlap statistic computed using different features.

Fig. 7. Area under the ROC curve for each level of blurriness of Q.

score using a random forest to combine the three similarity statis
tics. As before, we use the six feature extraction methods described
in Section 3.2 to construct six sets of similarity statistics. For each

set, we re-train a RF using a subset equal to 70% of the mated and of
non-mated pairs of images, and test the classifier using the rest
(30%) of the paired images. In this analyses, we excluded the POC-R
7

S. Park and A. Carriquiry

Forensic Science International 331 (2022) 111126

Fig. 8. Area under the ROC curve for each level of blurriness of Q.

be interpreted with some caution. In our study, the training set and
the testing set of paired images were not independent, because some
of the same shoes (in different combinations) were included in both
sets. This is likely to have resulted in somewhat optimistic error
rates.
Fig. 9 shows the relative variable importance for the performance
of the RF classifiers based on different sets of features. The left panel
shows results for the case where both the Q and K images are ob
tained at good resolution. The right panel corresponds to the case
where Q was blurred (Level 10). The horizontal bars show the re
lative importance of each of the three similarity metrics computed
from each of the six sets of features. There are, therefore, 18 hor
izontal bars in each of the two panels. To interpret the results shown
in the figure, we can either focus on the feature extraction method
(SURF, KAZE, ORB and combinations) or on the similarity metric
(clique size, %overlap, or median distance).
Overall, similarity metrics obtained from the combined version of
descriptors show the higher discrimination values as shown in Fig. 9.
The three similarity metrics based on the set of ORB descriptors are
lowest in terms of discrimination ability, a result that is consistent
with the rest of our findings. One other conclusion we draw is that
there appears to be value in combining image descriptors to con
struct a classifier. As the image of the questioned outsole becomes
blurrier, similarity metrics based on sets of combined descriptors
such as comb200 and K-S-200 play more important roles in the
classifiers.

Table 2
Equal error rates for the classifiers when the image of Q is of high quality (Level 0) or
is blurry (Level 10).
Method

Level 0

Level 10

SURF
K-S-300
KAZE
K-S-200
comb200
ORB
POC-R

0.042
0.061
0.067
0.097
0.132
0.264
0.504

0.139
0.160
0.170
0.125
0.119
0.486
0.504

classifier because we did not expect it to perform any better than
earlier.
Table 3 shows the EER computed for the RF classifiers based on
each of the six different sets of features, at the two extreme de
gradation levels for Q. The first line in the table, labeled RF-all shows
the EER for the classifier obtained by combining 18 similarity metrics
(three metrics computed from each of the six sets of features), and
the remaining six lines show the realized EERs obtained for the six
image descriptors described earlier. When both Q and K in the test
set are good-quality images, the RF score that combines 18 similarity
features makes no classification errors. The other six RF scores, each
combining the three similarity metrics based on the six sets of
features also exhibit good accuracy regardless of the method used to
extract features. An EER equal to 2.5% corresponds to one or two
mis-classified pairs of images. When the Q image is degraded at
Level 10, the accuracy of the RF classifiers ranges from 2.4% to 13%.
Compared to the results shown in Table 2 in Section 4.1, combining
all similarity metrics into a single score appears to noticeably de
crease the EER in all cases. These results are encouraging, but need to

5. Discussion
Footwear evidence is commonly found in crime scenes. Yet, few
crime labs in the United States have dedicated footwear evidence
examiners and prints are often not even recovered by crime scene
investigators. There are many explanations, but one reason appears
to be the lack of objective, reproducible, and robust methods to
compare questioned and reference impressions. The quantitative
assessment of the similarity between two footwear images is chal
lenging in realistic scenarios because crime scene images are typi
cally smudgy, partially observed, and subject to background noise.
While promising algorithms to carry out comparisons have been
proposed (e.g., [2,8,25]), testing of their performance focused on
mostly high quality images of crime scene impressions. For algo
rithmic tools to be useful for footwear examiners, they must be

Table 3
Equal error rates for the RF classifiers based on three similarity values when the image
of Q is of high quality (Level 0) or is blurry (Level 10).
Method

Level 0

Level 10

RF-all
K-S-200
comb200
SURF
KAZE
K-S-300
ORB

0.000
0.025
0.025
0.025
0.025
0.025
0.025

0.024
0.111
0.111
0.111
0.119
0.119
0.133
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Fig. 9. Variable importance from the random forest training with all of similarity features.

shown to perform well even when one of the images in the com
parison is degraded or partially observed.
In this manuscript, we revisit the approach proposed by [2] but
pursue two different objectives. First, we explore whether different
image descriptors or combinations of image descriptors, produce
classifiers with comparable performance. Second, we test the per
formance of those classifiers on pairs of images where one of the
images has been increasingly blurred. In all cases, we consider only
the most challenging comparisons, where shoes share class char
acteristics (brand, model, size) and degree of wear. In this scenario,
non-mated comparisons are carried out among close non-matching
outsole impressions. We note that the shoes used in this study were
purchased new and then assigned to volunteers, who walked in
them for a period of about six months. To attempt to measure wear,
at least roughly, we attached a step counter to each pair of shoes. We
realize that this is an imperfect way to quantify wear, but it provided
some idea of the variability between volunteers in terms of use. Two
participants were outliers in that they exceeded the median number
of steps in the group by tens of thousands of steps which resulted in
shoes with a significantly higher degree of wear. We did not include
those two pairs of shoes in the subset of shoes we used in this
manuscript. The rest of the participants exhibited some variability,
but overall, the degree of wear of the shoes we included in this
analyses was comparable. In this light, we did not consider differ
ences in wear when constructing the non-mated pairs of shoes. In
formation on RACs could also be used to construct the non-mated
pairs of images. In this study, we did not attempt to identify or count
RACs, however.
Outsole images can be degraded in many different ways. In our
study, we focused on the degree of blurriness that one might en
counter in an image obtained from a crime scene. To control the
degree of blurriness of an image, we interposed sheets of paper
between the outsole and the scanning surface of an EverOS scanner
in our lab. When there were 10 sheets of paper between the shoe
bottom and the scanner, much of the detail of the outsole pattern
was lost, and edges of the pattern elements were blurred.
Our findings are encouraging. As argued by [2], when both
images being compared are of good quality, it is possible to reach
accuracy of about 95% when deciding whether a pair of images were
produced by the same or by different shoes, even when using a
simple classifier such as the %overlap. At present, these results hold
only for the two models of athletic shoes in our study. When one of
the two images is blurred, the algorithms predictably lose dis
criminating power, but the overall accuracy of at least some of them
is still about 85–88%.
When three similarity metrics are combined into a single score
using a random forest, accuracy increases to 97% and higher. In

particular, the random forest score that combined the values of 18
similarity metrics based on six sets of features makes no classifica
tion errors in the test set. These results are to be interpreted cau
tiously, since in this study we only had 100 pairs of images in the
training set, and 44 pairs in the test set. Thus, some over-fitting is
likely. Further, there is overlap between the 18 features and it is
unlikely that they all contribute noticeably to the performance of the
classifier.
The approach we use to extract features from outsole images has
an effect on the performance of algorithms in terms of classification
error. We considered three image descriptors and constructed six
sets of features using descriptors individually or in combination. We
found that classifiers that rely on SURF and KAZE features tend to
outperform those that rely on ORB features, regardless of the degree
of blurriness of one of the images in a comparison pair. ORB uses
pixels associated with corners of pattern design elements, and per
haps in the two models of athletic shoes we used, the corners are not
well defined or are not important attributes of the outsole design.
There is much work still to do. A limitation to carry out this type
of research is the lack of large databases with realistic crime scenelike impressions where ground truth is available. Ideally, we would
like to have many different brands and models of shoes represented
in the database, as well as a variety of substrates on which the print
was made at the crime scene. Such an extensive database would
permit selecting large enough subsets for training of random forests
or other algorithms that are appropriate in different scenarios. At
present, the limited scope of the databases that are available (in
cluding ours) tend to favor the use of simple classifiers such as the
single %overlap, that require no training and can be used more
broadly. One important take-home message is that we do not know
whether any of the methods we discuss and that show promise in
our set-up will generalize to other scenarios. So much more ex
perimentation needs to occur before any of the proposed approaches
can be implemented in real case work. In this work, we have tried to
control computational effort without sacrificing accuracy. As com
puting power continues to increase, even computationally de
manding algorithms will scale with the size of the databases of
images that might need to be searched.
We are in the process of planning the construction of a more
extensive database, which will be placed in the public domain to
empower other researchers working in this area. Once those data
become available, it will be possible to refine and adapt algorithmic
approaches to quantitatively assess the similarity between two
images. We believe that algorithms will never substitute well trained
footwear examiners, but accurate, reliable algorithms can become a
useful tool to aid in their analyses, at least in those cases where the
quality of the crime scene image is sufficient to allow a comparison.
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