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Automatic forensic analysis of automotive paints using
optical microscopy

Abstract

The timely identification of vehicles involved in an accident, such as a hit-and-

run situation, bears great importance in forensics. To this end, procedures

have been defined for analyzing car paint samples that combine techniques such

as visual analysis and Fourier Transform Infrared Spectroscopy. This work

proposes a new methodology in order to automate the visual analysis using

image retrieval. Specifically, color and texture information is extracted from

a microscopic image of a recovered paint sample, and this information is then

compared with the same features for a database of paint types, resulting in

a shortlist of candidate paints. In order to demonstrate the operation of the

methodology, a test database has been set up and two retrieval experiments

have been performed. The first experiment quantifies the performance of the

procedure for retrieving exact matches, while the second experiment emulates

the real-life situation of paint samples that experience changes in color and

texture over time.

Keywords: Automotive paint, Optical microscopy, Color calibration, Feature

extraction, Image retrieval
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1. Introduction

In forensics, automotive paint fragments are one of the most commonly re-

covered traces of evidence at the scene of an accident, such as a hit-and-run

scene [1]. As a logical consequence, linking these traces to a matching vehicle has

raised a considerable amount of attention. In recent years, multiple procedures5
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have been defined that all aim to provide forensic experts with a well-defined,

objective approach for characterizing the paint sample under study, which, in

turn, can be used for identification. Such procedures often involve a combina-

tion of techniques, including macroscopic analysis, optical microscopy and spec-

troscopy, e.g. [2, 3]. Since automotive paints typically have a complex chemical10

composition, consisting of multiple layers (in essence, a primer, a color coat,

and a clear coat finishing), techniques that assess this composition, such as mi-

crochemical analysis and X-Ray analysis as a non-destructive alternative, have

been used extensively [4]. Especially with the construction of the Paint Data

Query (PDQ) database, i.e. a database with information ranging from physi-15

cal attributes to an infrared (IR) spectrum for every layer of each of its more

than 21000 paint samples [5], spectroscopy has found wide support. Techniques

used for spectroscopic analysis include Fourier transform infrared spectroscopy

(FTIR) and/or Raman spectroscopy [6, 7, 8]. Often these techniques are com-

bined with pattern recognition methodologies, allowing automatic comparison20

of spectra [9, 10].

However, spectroscopy typically does not provide any information on the

spatial heterogeneity of the paint sample under study. In addition, changes

in chemical composition, e.g. due to migration of components between layers,

complicate classification [11, 12]. Consequently, visual analysis of the paint25

sample under study, assessing its color and its morphology, remains an important

step in the identification of automotive paints. This visual analysis is routinely

performed manually. Unfortunately, this technique is particularly prone to inter-

operator variability. Additionally, as time is of the essence in this particular

type of police investigation, not only precise but also swift identification of the30

vehicle is of the uttermost importance. In this paper, we propose an objective

and automatic approach for the visual analysis based on dark field microscopy.

It is designed not only for the characterization, but also for the identification of

automotive paint samples. The main aim of the new technique is to reduce the

workload of the experts and the backlog of cases considerably.35

In order to fully characterize a sample, the proposed method assesses both
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the color distribution, and the texture of the sample. The assessment of the

color distribution is a particularly challenging step, as it does not only require

proper and reproducible lab practices, but also consistency of the images them-

selves. To this end, a color calibration procedure is defined, together with a40

newly developed reflective color chart for microscopy that contains only 20 test

chart colors, in order to reduce the labor intensity of the procedure. After the

calibration step, the color and texture are characterized by first separating the

color from the texture. This separation is only possible after transformation of

the image to an uncorrelated color space, such as the CIE L∗a∗b∗ space. Once45

this separation has been done, the color distribution is assessed by calculating

the color histogram of the resulting color components. Likewise, texture fea-

tures are extracted from the intensity component, in the form of Gabor features.

Following the extraction of these features, suitable distance measures between

the image under test and each of the images in a database are selected with the50

aim of constructing a shortlist of matching images from this database. Such

distance measures are selected for both the color histograms and for the Ga-

bor features. Finally, in order to effectively create the aforementioned shortlist,

both measures are combined in a sensible way, such that the matching images

indeed reflect the highest visual resemblance to the image under test.55

To validate the proposed approach, a retrieval experiment is performed in

which the aim is to match several test paint samples with other instances of

the same paint type in a database. Additionally, in order to demonstrate the

robustness of our methodology against microscopic changes in visual appear-

ance, as typically occurs because of wear and aging effects, a similar experiment60

is repeated using test paint samples that bear visual resemblance to certain

database samples, but for which no instance of the same paint types is present

in the database. For both of the aforementioned experiments, the effect of the

color calibration step is demonstrated.
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Figure 1: The calibration chart by DSC Labs [13]. This chart has optimally placed colors for

calibration.

2. Material and methods65

2.1. Color calibration

Color calibration of acquired images plays an important role in the repro-

ducible and accurate extraction of color features of an image. The color calibra-

tion transforms the unknown original image RGB data to a standardized RGB

color space called sRGB [14], based on a set of color chart (see Fig. 1) images70

acquired together with the image being investigated under exactly the same cir-

cumstances and settings. Because the sRGB color space has a known relation

to the CIE colorimetric spaces like CIE XYZ and CIE L∗a∗b∗ it is possible to

compute color features in those spaces, and use perceptual color metrics like

dE∗76 or dE∗2000 to express color differences. Although frequently encountered,75

it is simply incorrect to transform RGB data to e.g. CIE L∗a∗b∗ without ex-

act knowledge of the RGB primary colors (actually RGB is not a color space,

but rather a family of color spaces which will be different, i.e. have different

primaries, each time an image is acquired).

For details about the color calibration, see [15, 16, 17], but basically the color80

chart values as measured in the acquired images and their known colorimetric

values as measured by a spectrophotometric device are used to construct a 3-

dimensional transform from the original image RGB data to the desired sRGB
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Figure 2: Top two rows: Uncalibrated images of two solid paints and two metallic paints

under different microscope settings. Bottom two rows: Calibrated versions. Note how our

acquisition application already removed a lot of variability due e.g. lighting.

data. This transform consists of three 1D lookup tables (LUT), combined with a

3D LUT, and the results for a set of test paint samples can be seen in Fig. 2. The85

camera used during the experiments was a Pixelink PL-A662 CMOS camera [18],

with an Olympus BX60 microscope. The acquisition was performed using our

own software in order to avoid any extraneous processing. This software also

ensured proper exposure and white balance of the images using the white chart

patch, thereby removing a lot of the variability inherent to normal microscope90

imaging. The median color difference between two measurements of the same

sample in calibrated images is 1.3 dE∗2000, with a maximum of 5 dE∗2000. The

median color difference of a color measurement with the spectrophotometric

values is 1.1 dE∗2000, also with a maximum of roughly 5 dE∗2000.

2.2. Feature extraction95

Conceptually, when considering a dark field microscopic image of an auto-

motive paint sample, for example the one depicted in Fig 3(a), it is possible

for a human interpreter to make a distinction between color and texture. In

computer vision, on the other hand, this distinction is much less obvious when
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(a) (b)

(c) (d)

Figure 3: Illustration of the CIE L∗a∗b∗ representation of a dark field microscopic image of

an automotive paint sample: (a) Original calibrated image (b) illumination component ‘L’

(c) color component ‘a’ (opponent colors red and green) (d) color component ‘b’ (opponent

colors yellow and blue).

working in an RGB color space, because all three color components, i.e. the red,100

blue and green intensity bands, respectively, are strongly correlated. A straight-

forward solution to this problem, is to transform the standardized sRGB color

image into another, more suitable color space so we can treat color and texture

components separately. One such color space is the CIE1976 L∗a∗b∗ space. In

CIE L∗a∗b∗ color space, the image is given by an illumination component ‘L’,105

which is suitable for extracting texture information, and two color components

‘a’, which represents the opponent colors red and green, and ‘b’, which repre-

6



Figure 4: Illustration of the 2D color histogram for the automotive paint sample depicted in

Fig. 3

sents the opponent colors yellow and blue [19]. This concept is illustrated in

Fig. 3(b), Fig. 3(c), and Fig. 3(d), respectively. Now that we have separated

the color content from the texture, we can explore techniques for summarizing110

the color-based information and the texture information from the image, re-

spectively. Let’s first consider the color information. A simple methodology for

estimating the color distribution from the image in CIE L∗a∗b∗ color space, is

by calculating a 2D color histogram based on both the ‘a’ and the ‘b’ compo-

nent. The color histogram for an image is constructed by counting the number115

of occurrences of pixels with a certain color in the image. In practice, such

a histogram is generated by preliminary quantization of the intensity levels of

each component into a number of bins, and then counting the number of image
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pixels in each bin. More formally,

HIa,Ib (ia, ib) = N · P (Ia = ia, Ib = ib) (1)

Here, Ia and Ib represent the intensity levels of the ‘a’ and ‘b’ color channels,120

and N is the number of pixels in the image. Fig. 4 illustrates the 2D color

histogram for the paint sample depicted in Fig. 3.

The next step, after the extraction of the color features, is the extraction

of textural information. In literature, many methodologies have been proposed

for retrieving texture features, such as for instance the widely used Grey level125

Co-occurrence Matrix (GLCM) [20]. While this is a suitable approach for con-

structing a classification result on the level of individual pixels or objects, the

goal of the current work is to summarize the texture features in an image with

the aim of comparing them to the summarized texture features of other im-

ages. Hence, a desirable property of such texture features is that they provide130

both broad as well as local textural characteristics. This kind of information

is obtained by using so-called multi-scale texture features. Many multi-scale

approaches have been developed over the years (e.g. [21, 22]), but a common

one is the use of Gabor filters [23].

A 2D Gabor filter is a filter for which the impulse response in the spatial135

domain is defined as the modulation of an harmonic function with a Gaussian,

h(x, y) = exp

(
−x
′2 + γ2y′2

2σ2

)
exp

(
j

(
2π

λ
x′ + ψ

))
(2)

where σ represents the standard deviation of the Gaussian, λ and ψ are the

wavelength and the phase shift of the harmonic function, respectively, and γ is

the aspect ratio between x′ and y′. The spatial coördinates x′ and y′ are defined

by the rotation of x and y over the angle φ as140  x′ = x cosφ+ y sinφ

y′ = −x sinφ+ y cosφ
(3)

Furthermore, a relationship exists between σ and λ, which is parametrized

by the so-called half amplitude bandwidth, as has been previously shown [24].
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5: Illustration of the real part of the spatial impulse response function of the Gabor

filter defined in Eq. 2: (a) Scale parameter λ = 4, orientation parameter φ = π
4

, aspect ratio

γ = 1
4

(b) λ = 4, φ = 0, γ = 1
4

(c) λ = 4, φ = −π
4

, γ = 1
4

(d) λ = 4, φ = π
4

, γ = 1 (e) λ = 4,

φ = 0, γ = 1 (f) λ = 4, φ = −π
4

, γ = 1 (g) λ = 8, φ = π
4

, γ = 1
4

(h) λ = 8, φ = 0, γ = 1
4

(i) λ = 8, φ = −π
4

, γ = 1
4

.

For simplicity reasons, in this work, σ = λ and the phase offset has been set

to ψ = 0. By varying the wavelength λ (and therefore also σ) and the rota-

tion angle φ, a set of filters is constructed at various scales and orientations,145

respectively. This concept is illustrated in Fig. 5 for the real part of the Gabor
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6: Illustration of the Gabor features obtained by applying the filters depicted in Fig. 5

on the car paint image shown in Fig. 3 (zoomed at a 200×200 pixels area): (a) Scale parameter

λ = 4, orientation parameter φ = π
4

, aspect ratio γ = 1
4

(b) λ = 4, φ = 0, γ = 1
4

(c) λ = 4,

φ = −π
4

, γ = 1
4

(d) λ = 4, φ = π
4

, γ = 1 (e) λ = 4, φ = 0, γ = 1 (f) λ = 4, φ = −π
4

, γ = 1

(g) λ = 8, φ = π
4

, γ = 1
4

(h) λ = 8, φ = 0, γ = 1
4

(i) λ = 8, φ = −π
4

, γ = 1
4

.

filter defined in Eq. 2 using a few combinations of scale, orientation, and aspect

ratio γ. As circular support is assumed, γ is set to 1 in this work. Following

the construction of the aforementioned set of filters, each of the corresponding

impulse responses is convolved with the target image. The outcome of such a150
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convolution is illustrated in Fig. 6, in which the result is shown of applying the

filters in Fig. 5 to the car paint sample of Fig. 3. In this work, the textural

content in an image for a certain λ = m and φ = n is summarized by the mean

µmn and the standard deviation σmn of the Gabor coefficients. The resulting

textural feature vector for a certain image is then simply the concatenation of155

these means and standard deviations for all the applied scales and orientations.

2.3. Classification

Once both color and texture features have been obtained for a database of

automotive paint types and for the image under test, a distance measure is re-

quired for each feature type, as well as a way of combining the resulting distance160

measures, such that the matches can be ranked while taking into account all

the feature types. As far as the 2D histograms representing the color features

are concerned, a straightforward way is to do a simple bin-to-bin comparison

by summing the differences between corresponding bins. Unfortunately, this

approach tends to give more weight to relatively small differences between large165

bins while giving less weight to relatively large differences between small bins. A

widely used solution to this problem is the Chi-Squared distance measure [25],

which reduces the weight of large bins by normalizing the squared difference be-

tween two of these bins over the total number of elements in both bins. Given

two images I and J , the Chi-Squared distance between their histograms HIa,Ib170

and HJa,Jb
is given by:

dcolor (I, J) = χ2 (HIa,Ib , HJa,Jb
) =

1

2

∑
i,j

(HIa,Ib(i, j) −HJa,Jb
(i, j))

2

HIa,Ib(i, j) +HJa,Jb
(i, j)

(4)

For the Gabor texture features, a similar reasoning is followed by applying a

distance measure that reduces the impact of large differences between a textural

feature if there is a high variation in this feature when considering all the images

in the database, and vice versa. Specifically, when comparing two images I and175

J , the differences between the means µmn and the standard deviations σmn of

the Gabor features, with m the scale and n the orientation of the corresponding

filter, are normalized over the standard deviation of the means α(µmn) and of
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the standard deviations α(σmn) of all the database images, respectively [26].

Using the notation of [26], the individual distances dmn are defined as180

dmn (I, J) =

∣∣∣∣∣µ(I)
mn − µ

(J)
mn

α(µmn)

∣∣∣∣∣+

∣∣∣∣∣σ(I)
mn − σ

(J)
mn

α(σmn)

∣∣∣∣∣ (5)

The combined distance measure dtexture is simply the sum of the individual

distances, one for each scale and orientation,

dtexture (I, J) =
∑
m

∑
n

dmn (I, J) (6)

Following the individual distance measures, a combined measure is required

that enables the possibility to make a decision based on both feature types.

The most straightforward approach consists of creating a shortlist of candidate185

paint types based on one feature type using the corresponding distance measure.

Subsequently, the second distance measure is used to sort the obtained shortlist

according to the other feature type. Specifically, in this paper, the color features

are used to create a shortlist of 30 candidate paints, after which the textural

features are used to sort the shortlist. While it is possible to define a truly190

balanced decision measure by using multi-objective optimization with e.g. the

Pareto front [27], in the case of the paint samples it is reasonable to have a

shortlist of good color matches before texture is even being considered. Indeed,

intuitively, a perfect textural match is only sensible if there is at least some

color correspondence with the sample under test.195

2.4. Experimental setup

For the experiments, a sample database of metallic automotive refurbishing

lacquers has been constructed, together with a set of test samples, i.e. a number

of paint samples that are to be retrieved from the database. All of the samples

are available on color cards and have been placed directly under the microscope,200

using weights to keep the cards flat and perpendicular to the optical axis, thus

ensuring focus for the complete imaged surfaces. Each of the lacquers, whether

it’s in the database or in the test set, bears a 7-digit color code identifier. In

total, a database consisting of 221 paint samples has been measured, with color
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codes ranging from 5*10*08.50 to 6*08*06.44. In addition, 22 test paint samples205

have been collected using the same camera setup. The setup itself consists of an

Olympus BX60 microscope, equipped with a 10X/0.30 Bright field/Dark field

UMPlanFL lens and a Nikon F1 camera. The imaged surface area under the

experimental conditions used is 900×600 µm.

The test paint samples are subdivided in two subsets. The first subset (re-210

ferred to as Subset 1) contains 14 samples of lacquer types of which other samples

are present in the database. This randomly selected subset allows for a quanti-

tative evaluation of the proposed method. The second subset (hereafter referred

to as Subset 2) contains 8 samples that are not present in the database but that

do bear a close visual resemblance to the samples in the database. Apart from215

a visual evaluation, this subset will give an indication of the performance of the

proposed procedure, as, preferably, matches should have a highly similar color

code. This evaluation is the best approximation of the real-life application of

the software, because factors such as, e.g. aging and environmental conditions,

have an effect on the color and texture of paint samples collected in the field.220

In other words, exact resemblance is highly unlikely.

Each of the 221 database samples, as well as each of the 22 test samples

are available before and after the color calibration procedure, discussed in sec-

tion 2.1. This way, it is possible of evaluating the effect of the color calibration

on the retrieval of automotive paints. For each of the classification results, clas-225

sification has been performed combining color and texture features as described

in section 2.3.

3. Results and Discussion

3.1. Subset 1

In the first experiment, the proposed matching procedure is applied to test230

samples of lacquer types for which another sample is present in the database.

This way, it is possible to find an exact match in the database, facilitating a

quantitative evaluation of the approach. Once again, the experiment is con-
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Table 1: Shortlist ranking for each of the 14 test samples from Subset 1.

Test sample color code Shortlist ranking

Before calibration After calibration

6*08*04.80 2 2

6*06*78.00 1 1

5*10*08.50 9 6

5*12*42.90 11 12

5*12*47.00 6 6

5*14*07.00 1 1

5*16*21.00 17 16

6*01*42.20 4 2

6*02*40.00 16 16

6*02*61.00 4 4

6*03*21.20 1 1

6*04*40.00 4 3

6*05*12.30 1 1

6*06*57.00 1 1

ducted both before and after color calibration. The results of this experiment

are depicted in Table 1. The table contains the rank of the correct paint type235

in the shortlist. In other words, the lower the rank, the better the matching

procedure succeeded in finding the corresponding paint type in the database.

Once again, results before and after color calibration are quite close, with overall

only slight improvements after color calibration. For each of the samples, both

before and after color calibration, the correct match is found well within the240

first twenty candidates. Moreover, considering the results after color calibra-

tion, a positive match is found within the first six candidates for all but three

test samples.

In the majority of samples from subset 1, both feature types perform equally

well, or with very small differences in performance. Hence, their combination245

yields very similar results. However, depending on the color and/or textural

content of the image under test, situations do arise in which the combination

14



Figure 7: Normalized color and texture distance plots between the sample with color code

5*12*47.00 and each of the database samples. The green vertical line indicates the correct

match from the database.

of the features performs better than either one of the individual feature types.

Fig. 7 illustrates how both features combined can result in a more accurate

shortlist than when considering each of them separately. The figure shows a250

normalized distance graph for the sample under test with color code 5*12*47.00.

The correct match from the database is the sample for which the distances are

indicated by the green vertical line. For this sample, if only the color features

would be used, the rank of the correct match would be 28. If only the texture

features would be used, the rank of the correct match would be 9. Combined,255

as already indicated in Table 1, the rank of the correct match is 6.

3.2. Subset 2

These classification results show the outcome for test paint samples that are

not present in the database but that do bear visual resemblance to database

samples. For each feature type, the first three matches are displayed. Table 2260

shows the outcome before color calibration. Visual resemblance of the candidate

matches is very close to the sample under test, both in color distribution as in

texture features. Table 3 depicts the outcome of the experiment after color

15



Table 2: First three matches for the 8 test paint samples from Subset 2 before color calibration
Image under test 1st database match 2nd database match 3rd database match

5*12*41.60 5*12*41.52 5*11*15.60 5*11*15.90

5*19*48.30 5*19*48.00 5*19*48.10 5*19*48.25

6*04*39.10 6*05*12.30 5*19*51.35 6*05*17.00

6*04*60.00 6*02*34.81 6*02*48.50 6*02*41.00

6*05*12.70 6*05*12.40 6*05*12.30 6*04*39.30

6*06*44.00 6*06*46.00 6*06*57.00 6*06*47.00

6*08*04.70 6*08*04.84 6*08*04.86 6*08*06.25

6*08*05.50 6*08*04.84 6*08*03.15 6*08*04.86

16



(a) 5*12*41.60 (b) 5*12*41.55

(c) 5*12.41.52 (d) 5*11*15.90

Figure 8: Illustration of the discrepancy between color code and microscopic resemblance.

calibration. On visual comparison of the images of the test paint samples in the

first column of Table 3 with their corresponding images in the first column of265

Table 2, the effect of the color calibration on the appearance of the paint samples

is very clear, showing an overall increase in contrast. Regarding classification,

although in some cases the sequence of the first three matching samples has

changed, almost no major changes occur in the result. Note, however, that this

effect is to be expected, since the classification results already show a very high270

visual correspondence before color calibration. In other words, although visually

the contrast clearly increases, the color calibration preserves prior resemblance.

The sample with color code 6*04*60.00 is an excellent example of a paint

sample for which no paint type is available in the database that matches both

the color distribution and the textural features simultaneously. The first match275
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Table 3: First three matches for the 8 test paint samples from Subset 2 after color calibration
Image under test 1st database match 2nd database match 3rd database match

5*12*41.60 5*11*15.60 5*12*41.52 5*11*15.90

5*19*48.30 5*19*48.10 5*19*48.00 5*19*48.25

6*04*39.10 6*05*12.30 6*05*17.00 5*19*51.35

6*04*60.00 6*02*48.50 5*14*37.00 6*02*48.40

6*05*12.70 6*05*12.40 6*05*12.30 6*04*39.30

6*06*44.00 6*06*46.00 6*06*57.00 6*06*47.00

6*08*04.70 6*08*04.84 6*08*04.80 6*08*04.86

6*08*05.50 6*08*04.84 6*08*04.86 6*08*03.15

18



(6*02*48.50) illustrates a better resemblance in color distribution than in tex-

ture, while the second match (5*14*37.00) is an example of the opposite. Con-

cerning the color code, often the code of the matching database samples is very

close to the color code of the test sample under study. However, this corre-

spondence is at most a weak indicator for the performance of the algorithm,280

as closeness in color code is not necessarily related to microscopic resemblance.

This is illustrated in Fig. 8 for the test sample with color code 5*12*41.60. While

the paint sample with the closest color code in the database is 5*12*41.55, it is

obvious that the texture of this database sample is quite different from the test

sample, which matches much more closely the appearance of 5*11*15.90 and285

5*12*41.52.

4. Conclusions

In this article, a procedure is presented for automating the visual analy-

sis of automotive paint samples as a valuable asset in the swift identification

of vehicles in police investigations. The proposed methodology combines color290

calibration and the extraction of both color and texture information from mi-

croscopic images of paint samples that are collected at the scene of an accident.

Subsequently, the extracted information is used to query a database of automo-

tive paints in search for the best possible match. The result of the procedure is

a shortlist of candidate paints suggested for further investigation. Experiments295

show that the proposed methodology is robust and shows promising results,

both with paint samples for which a sample of the exact same lacquer type is

present in the database, as for samples that bear resemblance to paint types

in the database, the latter emulating real-life changes in color and texture that

can occur over time.300
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