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Abstract

This paper describes the image analysis and
processing of an automatic vehicle identification
system. The envisioned system will identify ve-
hicles based on video or still images of unique
identifying marks, namely metallurgical finger-
prints, as proposed by De Kock in his South
African patent [1]. Two candidate image anal-
ysis algorithms for automatic vehicle identifi-
cation are selected. The selection criteria and
the process for identification of these algorithms
are described. The algorithms were tested on a
dataset of real-world vehicle images. The exper-
imental approach and the results obtained from
applying these algorithms to the automatic vehi-
cle identification problem form the main theme
of our paper. Based on the results, the recom-
mended system uses a nearest-neighbour classi-
fier with features as extracted with a wedge-ring
detector from the frequency domain of the im-
age on a histogram preprocessed dataset.

1 Introduction

This paper describes the image analysis,
processing as well as results as obtained
from the NOVIS (National On-line Vehicle
Identification System) project!. It is envisioned
that the final NOVIS system will be able to au-
tomatically verify vehicles based on unique fea-
tures extracted from various locations in and on
the vehicle e.g. engine block, welding signatures
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on doors and other areas of significance (i.e. the
so called metallurgical fingerprints).

In Section 2 we provide sample images to bet-
ter illustrate the concept of metallurgical finger-
prints. In the following section (Section 3) we
describe the selection criteria and the process
used for the identification of the candidate algo-
rithms. We follow this with a section containing
our experimental approach, the results as ob-
tained from the candidate algorithms as well as
a discussion of the results (Section 4). Section 5
contains conclusions and a recommendation.

2 Data set description

Two different datasets were used during the dif-
ferent phases. An initial 100-vehicle dataset
(900 images) was used in a human perception
experiment to determine whether vehicles can
be discriminated based on the nine locations ini-
tially identified [2, 3]. Five of these locations
seemed to be useful for discrimination and were
subsequently used in the experimental process
(as described in Section 4) in conjunction with
a dataset consisting of five samples of each lo-
cation on each of the eight vehicles [4].

Figures 1 to 5 depict typical images of these
five locations that seemed useful for discrimina-
tion.

3 Candidate algorithm se-
lection process

In order to select appropriate image processing
and analysis algorithms for the matching or veri-
fication problem, a set of selection criteria has to
be adhered to based on inspection of the data.



The following characteristics of the data (the
images) have to be taken into account:

1. The images of the same location, but from
different vehicles have widely varying de-
grees of similarity, depending on the loca-
tion. This means that the intra-subclass
differences can be small or large, and thus
they have a large dynamic range.

2. The images at different locations on the
same vehicle differ substantially, e.g. the
images of the “bonnet” and of the “glue
on the chassis” are totally different images.
This means that we are dealing with large
inter-subclass differences.

3. The images of the same car and same lo-
cation, taken at different times and by a
different photographer are very similar in

Figure 2: Location 002 — Right hand side on a qualitative sense, but they differ some-

head what in scale, in-plane and out-of-plane ro-

tation, translation and lighting. These dif-
ferences are small, due to the efforts to keep
the conditions as similar as possible. How-
ever, these small qualitative differences give

big quantitative differences. For instance, a

single pixel change in translation will result

in a huge inter-image distance if a simple
inner product match is to be calculated.

4. Image data files are by nature large, and
many calculations are required for match-
ing.

Figure 3: Location 003 — Weld on chassis

Keeping the above considerations in mind, the
following criteria are arrived at for selection of
the algorithms:

e Characteristics 1 and 2 above imply that
the features used for matching must not be
image-specific, i.e. they must work for all
kinds of different images. They must, how-
ever be sufficiently separable so that images
with small differences can be distinguished.

Figure 4: Location 004 — Glue on chassis

e Characteristic 3 implies that the features
used for matching must be invariant to the
variations in terms of scale, translation and
rotation encountered between images of the
same sub-class.

e Characteristic 4 implies that the algorithm
must not in itself be computationally ex-
pensive, as the images are data-intensive to
start with.

Figure 5: Location 005 — Left hand side front
door



As noted above, the images to be matched
are fairly similar, but that several ways of trans-
formation of the images can occur (translation,
rotation, lighting, etc.). Due to the expected
transformations of the images, feature-based
classification was considered to be the most ap-
propriate. The recommendation is to conform
to the classic pattern recognition paradigm of (i)
pre-processing, (ii) feature extraction and (iii)
classification. Based on image inspection, no
noise reduction seemed possible as there is no
apparent and structured noise visible. A vari-
ety of feature extraction mechanisms exist. Lo-
cal features were deemed inappropriate as the
images differ too much between sub-classes and
no properly defined small set of features exist
(or can easily be described) for images from
each of the locations. Global feature extraction,
where features are calculated from the whole im-
age, using standard algorithms and procedures
is more appropriate. Two candidate algorithms
were identified namely:

1. Fourier coefficients, and specifically a par-
ticular decimation of the Fourier space,
namely a wedge-ring structure [5] and

2. A principal component analysis, which will
be referred to as eigenimages [6, 7).

These approaches conform to the criteria set
out above. Both are invariant to small transfor-
mations in the intra-subclass images and both
should be able to distinguish close matches from
different sub-classes. The performance is empir-
ically investigated on the experimental study on
the captured images as presented in Section 4.

4 Experimental
and results

approach

The final envisioned vehicle classification sys-
tem will perform wverification, but we conduct
recognition experiments in order to determine
the best classifier to use in the verification
paradigm. Two datasets were generated from
the original data:

1. A histogram-equalized dataset, where
histogram-equalization was applied to each
individual image (referred to as the his-
togram dataset) [8].

2. An average-adjusted dataset, where the av-
erage of each image was adjusted to 128

with pixels with grayscale values below
zero clipped to zero and those above 255,
clipped to 255 (referred to as the average
dataset).

Figure 6 illustrates the different classifica-
tion schemes applied to each of the datasets
(as described above). Experiments were per-
formed on the spatial domain of the images on
each dataset using a correlation classifier [9].
In the feature-based approaches, features were
extracted from the frequency domain using a
wedge-ring detector [5, 10]. Classification re-
sults on the wedge-ring features were obtained
using nearest-neighbour [9], linear [9] and
neural-net [11] classifiers. Principal Compo-
nent Analysis (PCA)was used as an alternative
to the frequency domain analysis to extract fea-
tures [6, 7]. Using the PCA-based features, ex-
perimental results were obtained for nearest-
neighbour and neural-net classifiers.
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Figure 6: Experimental approaches

As described in Section 2, five samples of
each of the five locations for each of the eight
vehicles were available. Separate experiments
were conducted for each of the locations in or-
der to obtain the best classifier and parameters
for each. For each location the experimental
process was repeated five times: in each repeti-
tion a different sample was used as the test sam-
ple (and the remaining four samples as training
samples). Furthermore, different feature vector
dimensions were experimented with during the
feature-based analysis combined with variations
in the number of hidden neurons and various
starting positions in weight space for the neural-
net classifier.

A summary of the results are presented below.
The presented results for a location is an aver-
aged value obtained from the five trials at that
location (variation in picking the test samples).
The value used in the averaging process reflects



the maximum classification rate obtained for
a test sample at a location, regardless of the
weight initialization, number of hidden neurons
or feature vector dimension.

4.1 Histogram dataset
4.1.1 Spatial-based classifier

Table 1 presents the results using the correla-
tion classifier on the histogram dataset. Loca-
tion 003 had the poorest recognition rate, while
location 005 achieved 100%.

Location:

001

002

003

004

005

Average%:

100

97.5

100

100

100

Table 4: Average results for neural-net classifier
using the histogram dataset with wedge-ring fea-

tures

ing the histogram dataset and features extracted
using principal component analysis.

Location:

001

002

003

004

005

Average%:

85

65

92.5

97.5

92.5

Location:

001

002

003

004

005

Average%:

97.5

97.5

87.5

97.5

100

Table 1: Average results for correlation classi-
fier using the histogram dataset

4.1.2 Feature-based classifiers

Tables 2 to 4 present the results for the nearest-
neighbour, linear and neural-net classifiers using
the histogram dataset and features as extracted
from the frequency domain with the wedge-ring
detector.

001
100

002
97.5

003
100

004
100

005
100

Location:
Average%:

Table 2: Average results for nearest-neighbour
classifier using the histogram dataset with
wedge-ring features

001
100

002
97.5

003
100

004
97.5

005
100

Location:
Average%:

Table 3: Average results for linear classifier us-
ing the histogram dataset with wedge-ring fea-
tures

Recognition results using the histogram
dataset with wedge-ring features as extracted
from the frequency domain were excellent for
all three classifiers. Location 002 was somewhat
unstable, compared against the results for the
other locations.

Tables 5 and 6 present the results for the
nearest-neighbour and neural-net classifier us-

Table 5: Average results for nearest-neighbour
classifier using the histogram dataset with PCA
features

001
90

002
95

003
100

004
100

005
100

Location:
Average%:

Table 6: Average results for neural-net classifier
using the histogram dataset with PCA features

Results obtained from the PCA features using
the nearest-neighbour classifier were worse than
those obtained from the neural-net classifier.
Overall, the results using PCA features were
poorer than those obtained using the wedge-ring
features.

4.2 Average dataset
4.2.1 Spatial-based classifier

Table 7 presents the results using the correla-
tion classifier on the average dataset. Locations
001 and 002 achieved perfect recognition rates,
but the other locations’ recognition rates are in-
adequate.

4.2.2 Feature-based classifiers

Tables 8 to 10 present the results for the nearest-
neighbour, linear and neural-net classifiers using
the average dataset and features as extracted
from the frequency domain with the wedge-ring
detector.

Very good recognition rates for all classifiers
and all locations (except location 002) were ob-
tained.



Location: 001 | 002 | 003 | 004 | 005

Location: 001 | 002 | 003 | 004 | 005

Average%: | 100 | 100 | 35 | 55 | 65

Average%: | 100 | 97.5 | 100 | 100 | 100

Table 7: Average results for correlation classi-
fier using the average dataset

Table 9: Average results for linear classifier us-
ing the average dataset with wedge-ring features

Location: 001 | 002 | 003 | 004 | 005

Location: | 001 | 002 | 003 | 004 | 005

Average%: | 100 | 97.5 | 100 | 97.5 | 100

Average%: | 100 | 97.5 | 100 | 100 | 100

Table 8: Average results for nearest-neighbour
classifier using the average dataset with wedge-
ring features

Tables 11 and 12 present the results for the
nearest-neighbour and neural-net classifier using
the average dataset and features extracted using
principal component analysis.

Recognition rates dropped slightly compared
to those obtained using the other method of pre-
processing.

4.3 Discussion

A number of conclusions can be drawn from the
presented results. Locations 001 and 002 appear
to be somewhat problematic for the classifiers.
A 100% recognition rate was obtained only oc-
casionally for these locations. In contrast, the
experiments using locations 003, 004 and 005
obtained excellent results, very often 100%. The
difficulty associated with locations 001 and 002
can most likely be contributed to the high in-
formation content associated with the texture
(high frequency components) of these locations.
Locations 003, 004 and 005 were less “busy”
or textured, which allowed for the extraction of
more meaningful features.

Regarding preprocessing techniques, the his-
togram dataset appears to be more reliable than
the average dataset. Information was lost using
the average dataset because of the clipping im-
posed on the pixel values (below zero and above
255 grayscale levels).

Viewing the performance of the classifiers us-
ing the PCA-based features, little difference in
classification results are noticed between the
nearest-neighbour and neural-net classifiers. In
general, the results were slightly poorer com-
pared to those using features extracted from the
frequency domain. The correlation classifier ob-
tained good results, but the computational com-

Table 10: Average results for neural-net classi-
fier using the average dataset with wedge-ring
features

plexity renders it unsuitable. Regarding the re-
sults obtained from the frequency domain, very
little difference is observed between the vari-
ous classifiers. Keeping the above in mind, a
nearest-neighbour classifier is the classifier of
choice, thus avoiding the complexity of retrain-
ing the linear and neural-net classifiers when
new vehicles are added to the database.
Analyzing the various results as presented
earlier, as well as the arguments as presented
above, it is recommended to use a nearest-
neighbour classifier with features extracted from
the frequency domain using a wedge-ring feature
extractor on histogram equalized images.

5 Conclusion

This paper presented selection criteria for iden-
tifying candidate algorithms for solving the ve-
hicle verification problem. Using these algo-
rithms in conjunction with two different prepro-
cessing techniques a vast number of experiments
were conducted to identify the most suitable ap-
proach for the NOVIS project. Analyzing the
results, it was recommended to use a nearest-
neighbour classifier with features extracted from
the frequency domain using a wedge-ring feature
extractor on histogram equalized images.
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