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Norwegian University of Science and Technology
Trondheim, Norway

B. Raeissi

DNV GL AS
Høvik, Norway

M. A. Bashir

Jotun AS
Sandefjord, Norway

ABSTRACT

Coatings are critical to maintaining the integrity of industrial
and offshore equipment, but defects reduce their effective-
ness. Pinholes, locations on a coated surface which remain
uncoated, are one kind of defect. They difficult to detect
because of their small size. Here we investigate the possibi-
lity of using Hyperspectral imaging to find pinholes. Seven
painted steel panels are imaged with a short wave infrared
hyperspectral camera. Two target detection algorithms are
tested for finding pinholes using two spectral signatures: steel
and an underlayer of epoxy paint. One pinhole that occupies
multiple pixels is identified, and several possible subpixel
pinholes are detected for each target signature. We expect
that further improvements to the characterization of the target
signal, a better understanding of false positives and noise
and improvements to the validation process will allow the
detection of subpixel pinholes.

Index Terms— Pinholes, coatings, Target detection

1. INTRODUCTION

A common method to prevent corrosion of metals in industri-
al and commercial applications is to apply an anti-corrosive
coating. However, such coatings often suffer defects or failu-
res which limit their performance [1]. Pinholes, often called
holidays, are defects that can appear during the application
and curing of a coating. These holes, which may either be pre-
sent on the surface of the topcoat or continue directly through
two coats, expose the substrate to corrosive conditions and
ultimately make the coating irrelevant. Sizes of pinholes can
range from few nanometers to a few hundred micrometers [2].
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Fig. 1. Scanning electron microscope image of a pinhole.

Reasons for the formation of pinholes include high viscosity
of the coating used, high evaporation rates of the solvents and
thinners used, insufficient atomization and the entrapment of
solvent or air in porous surface of the substrate.

Depending upon the size of pinholes, it may be difficult to
detect them with a naked eye. Different high- and low-voltage
holiday detectors are used to detect pinholes in commercial
settings (Fig. 1). These high voltage pose a significant safety
concern because they can operate up to 60,000 Volts which
may seriously damage the operator and the coating [3, 4].
Deflectometry can be used to identify coating defects using
a monochromatic or red-green-blue (RGB) camera, but it ty-
pically requires illumination and imaging sources to be physi-
cally separated [5, 6]. Moreover, at least one study has found
that, relative to other defects, pinholes are a difficult defect to
locate with deflectometry [7].

Hyperspectral imaging gives the possibility of looking for
a particular target spectrum in a scene. Because a large portion
of a material’s optical response is recorded in the hyperspec-
tral image, it is possible to look for sub-pixel targets [8]. In
general, hyperspectral target detection algorithms look for tar-
gets by comparing the measured spectrum of each pixel to



both a background spectrum and a target spectrum. Target de-
tection methods have previously been used to detect the pre-
sence of spectra that occupy as little as 5% of the area of the
pixel [9]. Here we investigate the possibility of applying tar-
get detection to images captured by a hyperspectral camera to
identify pinholes in industrial coatings.

This proceeding focuses on the short wave infrared
(SWIR) portion of the electromagnetic spectrum, which
spans wavelengths from 780 nm to 2500 nm. Light in this
range of the spectrum can excite overtone and combination
transitions of molecular vibrations, and electronic transitions
of highly conjugated systems. Spectroscopy in this spectral
range has been shown to be promising in polymer analysis
because the absorption of SWIR radiation by the organic
molecules is weak enabling greater path length flexibility and
nondestructive sample analysis in both laboratory and process
environments [10, 11]. Hyperspectral cameras can cover the
same spectral range and provide compositional analysis re-
sults which are very similar to those provided by a laboratory
scale near infrared spectroscope [12]. However, the coatings
industry has not yet incorporated the use of such HSI cameras
for the in-field detection of coating defects.

2. METHODS

Panels. Seven 15×7.5 cm steel panels are scanned for this
experiment (Table 1). The panels each have different coatings.
Two of the panels are coated with Safeguard Plus. The first of
these two panels is coated at room temperature, as is typi-
cal, while the second is coated at 50 C. The paint is applied
directly on the steel for the first panel, while on the second
panel a layer of a Jotamastic 90 (JM90) intermediate under-
layer, hereon referred to as primer, is also applied. Both of
these commercial paints are based upon epoxy-amine system.

Table 1. Coated steel panels investigated
Coating Preparation Temperature
Hardtop XP Stirred Room Temp
Hardtop XP Stirred 50 C
Hardtop XP Shaken Room Temp
Hardtop XP Shaken 50 C
Hardtop XP Shaken / Speedmixed Room Temp
Safeguard Plus Stirred Room Temp
Safeguard Plus Stirred 50 C

The other five panels are coated with a Hardtop XP White
outerlayer and a JM90 underlayer. The paint was prepared in
three different ways: by stirring (by hand), by shaking (me-
chanical), or by shaking-speedmixing (also mechanical). The
panel with stirred paint, cured at room temperature is used for
the in-depth analysis (denoted by italic text), and summary
results are provided for the other panels.

The steel and primer target spectra are determined from

the mean spectra of either a bare steel panel or a steel panel
uniformly spray-coated with the JM90 primer (Fig. 2).
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Fig. 2. Mean SWIR spectra of targets: steel (blue) and JM90
primer underlayer (red) together with mean background XP
white spectra (black) with 1 or 2 standard deviations shaded
(dark/light grey).

Hyperspectral imaging. Hyperspectral imaging is per-
formed with the HySpex SWIR-384 (Norsk Elektro Optikk).
The panels are scanned one-by-one over a low-reflectance
background, with a known reference calibration in view as
well. The panels are uniformly illuminated and the camera
is held 300 mm from the panels. The procedure records an
image of the panel that is about 600×300 pixels each con-
sisting of 288 spectral bands. The resulting pixel spacing is
about 0.22 mm. After an initial analysis of the results, the pa-
nels were scanned a second time with higher magnification
at a pixel spacing of 0.052 mm. When imaging each panel, a
reference gray tape is scanned as well.

Pre-processing. Reflectance data are used for the analy-
sis. To prepare the reflectance datacubes, the acquired data are
first converted to radiance with HySpex RAD software (Norsk
Elektro Optikk AS). Next, the spectrum of the reference tape
is used to convert the raw data into reflectance.

Target Detection. The matched filter (MF) is a common
target detection algorithm, derived from a likelihood ratio test
comparing two hypothesis: the presence of a target together
with the background, and the absence of a target. It is defined
as:

DMF =
(x−m)C−1(t−m)

(t−m)C−1(t−m)
, (1)

where x is the pixel (a vector with reflectance at the samp-
led wavelengths) being analyzed, m is the mean of the back-
ground, t is the target being searched for, and C is the covari-
ance matrix of the measured background. Note that the match-
ed filter is normalized so that DMF = 1 when a pixel is com-
pletely filled with the target spectrum. With this normaliza-



tion, the output of the MF gives an estimate of the proportion
of the pixel which is occupied by the target.

The adaptive cosine estimator (ACE) [13] is another hy-
perspectral target detection algorithm:

DACE =

√
(t−m)C−1(t−m)

(x−m)C−1(x−m)
DMF, (2)

It is based on separating a target signal from the background
spectra in the image, and is derived from a generalized likeli-
hood ratio test. ACE determines the cosine of the angle betwe-
en the vector connecting the mean background spectrum to
the target spectrum and the vector connecting the mean back-
ground spectrum to the spectrum of the pixel. Because, ACE
is sensitive to target signatures even when they only occupy
a small portion of the pixel area, it is also sensitive to noise.
Therefore, MF is commonly combined with ACE in order to
prevent noise from causing false detections.

After C and m are calculated, the sensitivity of the de-
tectors is determined. The test spectrum is defined to be x(λ)
= λt + (1 − λ)m, where λ indicates the primer or steel
proportion. Then the predicted response of a filter D to a
pixel partially occupied by the target material is D(x(λ)), as
shown in Fig. 3. In addition to the expected response of the
detectors, shaded regions which show the effect of a ±5%
change in the illumination intensity of the incident light are
also plotted, in order to depict the effect of this common
systematic error.
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Fig. 3. Response of DACE to mixed spectra to steel (blue) or
primer (red) targets, with average (solid), 5% above-average
(dotted) and below-average (dashed) illumination (a,b). Re-
sponse of DMF the same mixed spectra (c,d).

3. RESULTS

Over the whole scanned panel, both detectors detect pixels
with the primer target, but only the DACE detects pixels that

a

1 cm

b c

Fig. 4. A false color representation of the investigated panel
(a). The response of the panel image to DACE with the steel
(blue) or primer (red) target (b). The response of the panel
image to DMF (c).

Fig. 5. (a) The response of the pixels on the painted region
(black) and where primer is exposed (red) to the primer-target
detectors. The response of the pixels to the steel-target (b).

could be steel (Fig. 4. Therefore, the subsequent analysis fo-
cuses on identifying locations that could be exposed primer.
Note that the edges of the panel are fully coated with the pri-
mer but the top coat is either thin or not present. These edges
are used to verify the operation of DACE and DMF with the
primer target signature. In the regions of exposed primer, the
two detectors nearly follow their expected behavior (Fig. 5).
The matched filter does exceed its expected value, which in-
dicates that the in-scene spectrum of the primer differs some
from the mean spectrum of the reference scene.

The magnified scan is used to inspect the location of one
of the possible pinhole locations (Fig. 6). The DACE response
peak in the magnified scan occupies several pixels, while the
DMF response is more localized. The spectra of the 4 pixels
with the largest response are plotted against the background
and target spectra (Fig. 7). Both the primer spectra from the
reference panel, which is the target, and the in-scene primer
spectra with or without a thin top coat are plotted for compa-
rison. The in-scene spectra are calculated from the mean of
exposed region (shown at the bottom of Fig. 4a). The in-
scene primer spectra are much less reflective than the refe-



a

1 mm

b c

Fig. 6. An RGB representation of the small region of a panel
with a pinhole at the center top (a). DACE applied to the lo-
cation for the steel (blue) and primer (red) reference spectra
(b). DMF applied to the same location (c). Note that the red
regions around the edges of the panel are exposed primer, and
were excluded from the subsequent pinhole analysis.

rence spectra, and the in-scene spectra with a thin top coat is
slightly more reflective than the one without. One pixel at the
possible pinhole location shows a response that differs from
the in-scene primer spectrum by about 5% at most, with most
of the difference being below 1700 nm. The other three pixels
show spectra that are more similar to the reference spectrum.
This is consistent with a pinhole of a diameter of approxi-
mately 0.05-0.1 mm, which likely has a thin coating of top
paint at the bottom.

One additional test of the ACE target detection metho-
dology is the comparison of number of detected pinholes on
several different panels. More pinholes are expected in in the
coatings that were deposited at 50 C relative to room tempe-
rature and also more pinholes are expected on panels coated
with paint that was stirred rather than shaken. Figure 8 shows
the number of pixels marked as pinholes for various thres-
holds on the ACE and MF detector metrics. Most noticeable is
the separation of the panels coated with Safeguard Plus from
the panels coated with Hardtop XP white, which we hypothe-
size is caused by the greater similarity between the Safeguard
Plus reflectance spectrum and the target spectra. Essential-
ly, because both the coatings are epoxy-amine systems, their
mean spectra are very similar.

4. CONCLUSION

When the ACE detector is used to search for pinholes on
the coated steel panels, several candidate features are found.
Where the primer is unambiguously exposed, both ACE and
MF detect the primer, which shows that it does identify suffi-
ciently large regions of the target material. At one particular
location, a signal which strongly suggests a multi-pixel pin-
hole is identified. The spectra is most similar to the in-scene
spectrum of primer with a thin top coat, which may indicate
that there is a very thin layer of the top coat at the bottom of
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Fig. 7. The four spectra that achieved DACE > 0.9 (red)
for the primer signature at the location of the apparent pin-
hole in 6, compared to several mean spectra: the background
(black), reference target (grey, solid), in-scene uncoated pri-
mer (grey, dotted), and in-scene primer under a thin top coat
(grey-dashed).

the pinhole. Further work will be necessary to confirm that
there is a pinhole at that location, and to determine the size of
the pinhole.

To develop this method into a reliable analysis tool, it will
be necessary to determine how much of a pixel must be expo-
sed primer in order to be detected. This will determine the
resolution that a camera must have in order detect pinholes.
There are some tactics which might improve the effective spa-
tial resolution of a hyperspectral camera. For example, hy-
perspectral/multispectral fusion methods could be used to in-
crease the effective spatial resolution of the camera.

Other target detectors may provide more accurate or fas-
ter performance. One impediment to fast target detection on
low-power computers is the requirement of estimating C−1

and m [14]. It is possible to increase the speed of target de-
tection by replacing C−1 with R−1, in which R is the cor-
relation matrix, and eliminating m altogether from the detec-
tors. When this is done to the matched filter, it becomes the
constrained energy minimization (CEM) detector [15]. The
corresponding variant of ACE is then called ACER. Previous
work showed that ACER can achieve comparable results when
combined with dimensionality reduction [14].

These initial target detection tests show that HSI is a
promising technique for detecting pinholes in coatings. When
the exposed layer covers several pixels, target detection is able
to detect it. These HSI techniques offer safety and scalability
advantages relative to high-voltage contact measurements.
Relative to RGB cameras, HSI is not limited to surfaces that
exhibit specular reflection, and it is suitable to mounting the
camera and illumination source on a single platform. Mo-
reover, unlike the RGB-based techniques, when it finds a
pinhole, it provides information about which underlayer is
exposed.
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Fig. 8. The the number of pixels marked as pinholes using
the ACE or MF detector, for both primer and steel, for se-
veral different panels. Seven panels are shown in total: the
lighter lines of each color show paint applied at 50 C, while
the darker line shows paint applied at room temperature. The
red lines correspond to panels coated with Safegard Plus. The
other colors correspond to how the paint was mixed: stirred
(green), shaken (blue) shaken-speedmix (orange).
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