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We present a description of an electroluminescence (EL) apparatus, easily sourced from commercially
available components, with a quantitative image processing platform that demonstrates feasibility for
the widespread utility of EL imaging as a characterization tool. We validated our system using a
Gage R&R analysis to find a variance contribution by the measurement system of 80.56%, which
is typically unacceptable, but through quantitative image processing and development of correction
factors a variance contribution by the measurement system of 2.41% was obtained. We further
validated the system by quantifying the signal-to-noise ratio (SNR) and found values consistent with
other systems published in the literature, at SNR values of 10-100, albeit at exposure times of greater
than 1 s compared to 10 ms for other systems. This SNR value range is acceptable for image feature
recognition, providing the opportunity for widespread data acquisition and large scale data analytics
of photovoltaics. Published by AIP Publishing. [http://dx.doi.org/10.1063/1.4960180]

I. INTRODUCTION

As of 2015 the United States has installed 20 GW of
photovoltaics (PV), and worldwide there is approximately
55 GW installed annually, currently totaling 177 GW of global
installed PV.1 This vast number of modules has enabled a big
data approach to the study of these systems’ performance to
gain insights into the mechanisms of performance. Advances
in data informatics allow for inclusion of new datasets
including imaging and hyperspectral mapping.2,3 Drone-based
infrared imaging, for example, is becoming commonplace
and is serving as a general tool for warranty compliance
verification.4 Here we address several common barriers to a
luminescence based imaging apparatus that can be deployed
on a wide scale for a large number of researchers or as a
field-relevant data acquisition tool.
Electroluminescence is typically the band-edge radiative
recombination of carriers injected into a pn or pin junction.
Luminescence imaging was developed in the 1960’s to
spatially resolve the radiative recombination in silicon devices
using an infrared (IR) detector.5 Fuyuki et al.6 employed
electroluminescence (EL) imaging, whereby injected carriers
are provided by applying a voltage in forward-bias to the
device junction, to image radiative recombination in silicon
solar cells using a “commercial off-the-shelf” (COTS) silicon
charge-coupled device (CCD) camera, which remains sensitive to the band-edge emission of silicon devices and therefore
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bypasses the need for special IR detectors. Microcracks and
other electrical breakages in the cells are easily observed in
the EL imaging as dark areas where radiative recombination
is low, and as such this tool has become highly useful
among researchers in reliability/durability, collecting EL
images at points in time.7,8 Shunts and other leakage paths
are also visible as darker areas, and combined with dark
lock-in thermography (DLIT), it has been shown that local
recombination current and local series resistance can be
derived yielding a comprehensive picture of recombination
pathways in solar cells.9–11
All of these techniques take advantage of measuring
the solar cell at different working points (voltage and/or
illumination), by measuring only spectral fractions of the
luminescence using optical filters or by analyzing the lateral
distributions.
Quantitative analytics are a critical element to the
utilization of EL imaging as a research, quality assurance,
or durability analysis tool. Quantitative approaches to EL
have been developed including measuring effective diffusion
lengths,12,13 and the local junction voltage variation.14,15
These methods have led to theoretical models showing the
image distribution of series resistances,11,16–18 and saturation
current densities,15,19 which were derived from physics-based
single diode models of solar cells that may not be able to
capture the complexity of nonuniform contact resistivity or
heterogeneous cracking.20
Hinken et al.21 presented a rapid and highly sensitive
luminescence imaging process and tool using electrical or
optical stimulation that is useful for photovoltaic cells. Their
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instrument demonstrates a high signal-to-noise ratio (SNR)
given a fast exposure time of 30 ms. This interesting research
tool includes entry barriers for other researchers based on the
complexity of the tool, and the difficulty in processing large
quantities of information.22,23
In support of laboratory-based PV materials research we
have developed a platform for electroluminescent (EL) imaging based on ease of use and easily obtainable components.
This platform is coupled with advanced image processing
software using the “R” open source language to account for
system heterogeneity and subsequent image correction, as well
as preliminary data analysis of PV cells. The image processing
software is an alternative to engineering controls and advanced
hardware solutions to achieve a high degree of repeatability,
but also enables an open and reproducible science component
to quantitative EL imaging with COTS components that are
easily sourced, in a similar way to Uchida.5,24,25 The advent of
open-source codes and techniques presents an opportunity to
understand quantitatively and statistically model the behavior
of a large number of PV cells using EL imaging as an input.
Therefore, the platform we describe has a reduced barrier
to entry for the global cohort of PV researchers to acquire,
quantitatively analyze, and share results through, e.g., an
open-source data repository and analytics project,26,27 and
demonstrates the potential for COTS tools and advanced image
processing to enable a large-scale, non-centralized acquisition
of EL images.

II. DEVICE DESCRIPTION
A. EL camera modification

To obtain an imaging system sensitive to silicon band edge
luminescence, a Samsung NX100 compact body mirror-less
white light camera with a large 23.4 × 15.6 mm coupled metaloxide semiconductor (CMOS) sensor, having an effective pixel
count of 14.6 megapixels (MP), was acquired. This particular
model meets many ideal criteria, including large number of
pixels, which directly corresponds to the number of individual
data points used for quantitative image analytic processes, ease
of remote data acquisition, and easily removable IR filters.28
To allow for the capture of photons emitted from the
1.11 eV (high energy infrared) band gap silicon solar cell, two
infrared (IR) filters were removed.
With the back panel removed, the overlaid printable
circuit boards (PCBs) were separated with band connectors
removed. The PCB containing the sensor can be seen held
in place with 3 screws. These screws are used to register
the position and alignment of the sensor. It is critical that
the sensor is placed back to the original orientation upon
reassembly after the preceding steps. This was ensured by
counting the number of turns of the screw during removal.
With the internal PCBs removed as seen in Figure 1(b), the
layered sensor system can be seen with the ultra-sonic cleaning
system (U-SCS) as the “top” layer, appearing with a red hue.
The four outermost screws on the PCB containing the sensor
can be removed to decouple the sensor from the U-SCS. The
mounts were removed and the top layer completely detached
by disconnecting the ribbon cabling. The blue colored IR

FIG. 1. (a) IR filter on left and U-SCS with IR coating on right. (b) Camera
internals including PCB’s and U-SCS with IR coating.

filter and U-SCS, seen in Figure 1(a), can then be completely
removed. The camera was reassembled ensuring realignment
of the sensor. A ring shaped artifact was noticed in the output
images post-modification. It appears at a fixed radius from
the image center as seen in the upper right and upper left
corners of Figure 5(e) and upper right corner of Figure 5(f).
This non-ideality does not impede current image processing
methods or significantly impact the device’s repeatability or
reproducibility, as shown in more detail below. The artifact
will be addressed via an engineered solution in the future, as
this current instrument is in use for multiple studies.
B. EL setup and considerations

A custom aluminum sample holder, seen in Figure 2
(Element B), was designed to rigidly hold PV mini-modules
and bare cells. Keeping samples at fixed registration for
measurement repeatability, at a location to maximize sample

FIG. 2. Concept rendering of sample indexing apparatus and surrounding
enclosure frame. (a) Camera, (b) sample platform/fixture, (c) 4-cell minimodule, (d) single-cell, (e) imaging enclosure frame.
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area in the image for highest pixel density (Figures 2(a),
2(c), and 2(d)) and adjustable to future sample types, were
key considerations. Two THOR optics 95 × 95 mm rails were
mounted vertically to compatible THOR base plates. The base
plates were secured to a Newport RPR Reliance optical table
atop Newport Stabilizer pneumatic laminar flow vibration
damping legs. THOR dovetail clamps were affixed to the
vertical rails and 2 × 1 10S series 80/20 aluminum extrusions
were extended parallel to the table surface. 1 × 1 10S series
80/20 extrusion cross linked the 2 × 1 members, serving as
mounting surfaces for the THOR kinematic bases supporting
the sample holders. The sample holders were designed to fit
the specific sample type using 80/20 aluminum and custom
designed 3-D printed poly-carbonate parts to interface with the
sample precisely. Implementing rapid prototyping 3-D printed
parts allows for specific sample interfaces for any sample type.
The camera was affixed to a THOR kinematic base and via
THOR 1/2” posts to the Newport table top.
Constructed from the generally ubiquitous materials of
1/2” PVC tubing and corresponding joints, multi-purpose
3.5 mil black polyethylene plastic sheeting, 3M high-strength
Velcro, steel tubing clips, and heavy-duty 17 mil opaque
adhesive tape, the enclosure was designed for ease of material
acquisition and assembly (Figure 2(e)).
To create a light impermeable space for mini-modules, single cells or any laboratory samples for imaging we constructed
a box frame of PVC to 30 in. (height) × 38 in. (width) × 42 in.
(depth). Using 3.5 mil polyethylene plastic sheeting, the frame
was wrapped with excess material skirting encompassing the
edge adjacent to the table top. This black 3.5 mil polyethylene
plastic was tested for spectral transmission using a Cary6000i
Spectrophotometer and the resulting spectra indicated that the
average transmission value for light of 300-1700 nm was less
than 1%. Heavy-duty adhesive tape was used to seal the overlapping material to itself and to the table top. Continuous 3M
Scotch Velcro was used to seal the end flaps for accessing the
camera and ease of exchanging samples.
As an additional precaution, all room lights are extinguished during imaging sessions.

IV. SYSTEM VALIDATION

We validated the EL imaging system as an analytical
research tool by employing Gage R&R analysis and characterized the response function of the system by measuring the
average signal-to-noise ratio for images in comparison to other
EL systems.29
A. EL Gage R&R

Gage R&R is a standard analytical technique used to
assess the repeatability and reproducibility of a measurement
system (equipment, operators, procedures).29 In a Gage R&R
study, a set of samples is measured multiple times with multiple operators. The resulting dataset contains variation from
both sample-to-sample differences as well as measurement
system variation from within and between operators’ measurements. An analysis of variance (ANOVA) random effects
model is used to identify contributions to the total variability
observed coming from the measurement system in the form
of repeatability (within operator variation) and reproducibility
(between operator variation), as opposed to sample-to-sample
variation coming from the samples themselves (Figure 3). In
this way, the precision of a system can be characterized and
compared to the magnitude of the signal being measured, to
assess the capability of a system for measuring what it is
intended to.
Successive Gage R&R studies were performed, with 10
samples, 3 operators, and 3 measurements apiece, to improve
the precision of electroluminescence measurement system
described in this work. Modifications to the setup were made
to minimize incident stray light into the system, as well
as to standardize the sample loading and camera operation

III. DATA COLLECTION

To acquire an image, a PV mini-module is securely
indexed onto a sample holder and the camera is mounted
on a kinematic base attached to a vibration damping optical
table. Electrical leads from a Magna-Power Electronics TS50300/208 programmable power supply are connected to the
module in forward-bias.
The camera settings for typical image acquisition are
tuned to ISO 800, aperture F5.6, and shutter speed of 30 s. The
Samsung 1:3.5-5.6, 20-50 mm ED lens is set to the 20 mm (no
optical zoom) position.
To generate high quality data, “fine JPEG” and/or “RAW”
file saving format is selected. The power supply is set between
6 and 10 A, and typically is set to 8 A for 4-cell multicrystalline silicon mini-modules. The shutter is triggered via
a remote control to prevent vibration in the system induced by
depressing the shutter button on the body of the camera.

FIG. 3. EL Gage R&R results (10 samples, 3 operators, 3 measurements)
showing study data and variance contributions from repeatability, reproducibility, and sample-to-sample variation.
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procedure. The final best results that were obtained, using
the total pixel sum of unmodified measurement images as the
quantified data value, showed a variance contribution by the
measurement system of 80.56%. After implementing image
correction and using the ratio of the pixel sum of near busbar
cell areas (Figure 5, white boxed regions) to between busbar
areas (Figure 5, black boxed regions) in the isolated cell
images as the quantified data value, a variance contribution
by the measurement system of 2.41% was obtained. This is
considered to be well within acceptable limits of variation
introduced by the measurement system, which shows that
repeatable and reproducible measurements can be obtained
with this system by implementing image correction and feature
extraction.
B. Signal-to-noise

Average signal-to-noise ratios (SNR) were calculated as
a means of device validation and benchmarking. Our method
for SNR acquisition followed closely the method outlined in
Hinken et al.21 A 4-cell multi-crystalline silicon mini-module
was fixed inside the imaging chamber. Powering the module
with 2.89 V (720 mV per cell) and 8.6 A with the camera set
to ISO800 and aperture F5.6, M = 10 successive images were
captured at each of the following exposure times (in seconds):
1, 5, 10, 15, 20, 25, and 30. Using image processing techniques
outlined below, each RGB image channel was weighted by 1/3
and summed into a single gray channel to create a gray-scaled
image. From these M image matrices, local average pixel
values are calculated,
Ns =

1 
Ns,i .
M i

And local standard deviation,

1 
σs =
(Ns − Ns,i ).
M i

(1)

(2)

Resulting in local SNR
√
Ns M
SNR =
.
σs

(3)

This procedure across all pixels yields a matrix of SNR
values. By averaging the SNR values in a large luminescent
area of the module, a representative SNR was obtained for
each exposure time.
Our camera’s SNR values are compared to other cameras
used for electroluminescent imaging in Figure 4. These camera
data are presented in Hinken et al.21 These data were gathered
for a single silicon solar cell operating at 550 mV. The cameras
compared were the PCO Sensicam QE (silicon CCD, 1.4 MP),
Hamamatsu C9100-13 (back-illuminated silicon CCD with
electron multiplier (EM) gain, 0.26 MP) in normal and EMgain modes, and Xenics Cheetah (Indium Gallium Arsenide
(InGaAs) CMOS, 0.33 MP) in high gain (HG) mode. Our
camera exhibits SNR values in the same range as these
cameras. The exposure time of our device is longer with
a maximum of 30 s contained in these data. However, this

FIG. 4. Signal-to-noise ratio as a function of exposure time for this work
compared with the PCO Sensicam QE, Hamamatsu C9100-13 (normal and
EM-gain modes) and Xenics Cheetah presented in Hinken et al.

duration is reasonable for lab-based solar studies and will be
a non-inhibiting factor to device employment.

V. DISCUSSION

The images provide a wealth of data to be studied. In
a single image captured using the camera outlined herein,
approximately 45 × 106 observations are generated across the
RGB color channels.
Using the fine-JPEG file, one can utilize standard
packages to perform analysis.30,31 Basic techniques involve
example methods such as histogram style binning, row/column
summing, and multi-directional slicing. These simple functions normally used upon the entire image can provide useful
localized information at a specified grid resolution.
A key advantage to using quantitative image analytics
with collected images is that one can readily perform unbiased
analysis. For instance, if we were categorizing the size of some
feature(s) present in a series of images, a standard approach
may be to have the experimenter record the size visually
as say “small,” “medium,” or “large.” Categorization in this
manner can result in variance from subjective evaluation and
can be difficult conveying a convincing result. However, using
quantitative image analytics it is straightforward to evaluate
the size of the feature and set hard cutoff values to the desired
categories, thus increasing repeatability of characterization
and reducing any perceptive bias. Using code sharing tools
combined with this laboratory-based measurement apparatus
with COTS hardware, the barrier to quantitative EL research is
reduced thus enabling a large population of data to be acquired
by non-centralized researchers.
The EL image data shown in this work showed undesired
variability introduced in the form of sample orientation as well
as overall image brightness. Orientation variability occurred
for the overall modules as well as for the individual photovol-
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FIG. 5. Image processing, starting with original images ((a) and (e)), rotating and cropping to single brightness adjusted cell images ((b) and (f)), and examining
quantified cell features through the summing of pixel rows ((c) and (g)) and columns ((d) and (h)). The black and white boxed regions imposed on image (f),
which are also represented by open circles and open triangles on image (h), represent the between busbar regions and the near busbar regions, respectively.

taic cells themselves within the assemblies. Overall brightness
variability, independent of important sample features, was also
introduced by an uncontrolled embedded camera algorithm.
Image processing algorithms were implemented to reduce this
undesired variability.
Probability density distributions of pixel brightness are
used to evaluate the overall image brightness and determine
the correction factors. Summing pixel totals in the x and
y directions (Figures 5(c) and 5(g) and 5(d) and 5(h),
respectively) is used to identify image features for assessing
image orientation. Summing row and column brightness
values, cell edges are located, and the distance between them
minimized during a series of rotations to achieve a best
orientation. This process was performed on the entire module
assembly featuring multiple cells, then again on isolated cell
areas to arrive at well aligned and cropped individual cell
images.
As an example method of quantifying mini-module cell
images we summed the pixels in regions between the busbars.
The locations of the busbars are found easily by locating
minima in the y direction pixel sum of a cell image. With
the coordinates of the busbars identified, a cell image can be
divided into regions representing the areas between busbars,
and the pixels in these regions summed to create quantified
values reflecting the electrically active area of the cell.

based variability measures to an acceptable 2.41%. This work
achieved an SNR value range of 10-100 varying with exposure
time, which falls directly in line with those of other EL
cameras in the literature. Our device does require an exposure
time at the upper end of those cameras compared, however,
for laboratory work the maximum exposure time tested for
our device (30 s) does not prove to be an inhibiting factor
to use as a research tool. With a cost effective and widely
distributed camera, paired with quantitative image analytics,
electroluminescent imaging can become more commonplace
and routine in laboratory-based materials research in support
of the future of PV.
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