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Abstract—For northern communities relying on solar photo-
voltaic (PV) systems to offset the cost of imported diesel fuel, there
is an acute need to forecast energy losses due to snow. Two leading
snow loss models, developed by Marion et al. and Townsend and
Powers, are used widely in the PV industry. In order to test these
models, this study compares modeled monthly and annual losses to
a best-estimate reference based on PV power output and camera
images from an array operating in Quebec, Canada. This study
addresses two key areas: the development of an image-analysis
algorithm to detect snow on a PV array and the validation of models
estimating energy loss. For the PV array in this work, Townsend
and Powers is a closer approximation of real annual energy losses
than the Marion et al. model. However, to provide communities and
PV system developers with accurate snow loss predictions, more
work needs to be done to improve these models using arrays at
different latitudes. The image analysis algorithm used in this work
is 90% accurate in identifying snow. This leads to a difference of
about 0.2% points in annual snow loss estimates when using the
image analysis algorithm instead of visually inspected photos.

Index Terms—Array performance, Marion model, photovoltaic
(PV) systems, snow detection, snow losses, Townsend and Powers
model.

I. INTRODUCTION

HOTOVOLTAIC (PV) arrays operating in cold climates
P can experience significant losses due to snow, which can
affect energy forecasting and system sizing. For example, PV
systems with obstructed snow shedding can exhibit double-digit
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annual energy losses [1]. The effect of snow on PV performance
is particularly important in remote northern communities which
often use PV to reduce reliance on diesel-based generators [2].
Thus, errors in predicting snow losses can have large impacts on
PV system economics and planning (e.g., fuel shipments). Even
in more southern latitudes, global warming-induced extreme
weather events can result in unpredictable and heavy snowfall.
Such was the case during the 2021 winter storm that caused
major power outages in the state of Texas. In addition to energy
losses, snow also produces a power output gain relative to less
reflective ground cover. Albedo generally varies from 0.6 to 0.8
depending on irradiance and the snowpack density, age, and
surface properties. Bifacial modules are particularly well suited
to snowy conditions as backside reflection is greatly enhanced.
For example, a recent study by Burnham et al. [3] examining a
dual-axis array in Vermont showed up to 40% higher energy
output during the winter comparing bifacial and monofacial
modules. Bifacial gain can mitigate energy loss, but the financial
effects of array downtime can still be significant. For example,
a community-scale PV project of 8§ MW operating in Ontario,
Canada, with snow losses of around 4.25% would incur annual
energy losses corresponding to approximately $1 40000 per site
[4]. Such losses can affect system viability and impact design
choices.

In this study, the Marion et al. [S] and Townsend and Powers
[6] snow loss models were compared. They were selected be-
cause they are commonly used and require similar meteorologi-
calinput data. These two models have been validated at locations
in the United States [7]. Marion et al. was also applied in Sweden
[8] and tested by the National Renewable Energy Laboratory
(NREL) when added as a simulation feature in the system
advisor model (SAM) PV software [9], [10]. Validation of the
Marion et al. model for fixed-tilt systems compared simulated
array output to measured production at sites in Washington and
Colorado. The model showed a 45% reduction in annual energy
output error relative to SAM simulations without snow shedding.
Areas for improvement include a more accurate snow sliding
coefficient dependent on module temperature and snow type,
and modeling melting, snow removal by wind, and ice formation
which affects the snow-module interface. The ground temper-
ature may also be impactful. When the ground temperature is
above zero degrees Celsius, snow melts on contact but is not
detected by the downward-facing ultrasonic sensor, even though
snow may still accumulate on the array [7]. For the Townsend and
Powers model, validation at two test sites in Truckee, California,
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gave a combined root mean square error of 2% which was cited to
be within the uncertainty range expected for pyranometers used
in the study. A limitation of the Townsend and Powers model
is its inability to calculate snow losses at hourly or daily time
steps and a lack of validation outside of California. By contrast,
the Marion et al. model can use hourly time steps. However, due
to the complexities of snow shedding and the heterogeneous
characteristics of the snowpack, both models should be applied
annually rather than monthly.

In addition to the Marion et al. and Townsend and Powers
models, other approaches to predicting snow losses have been
attempted in the literature. In a recent review, Pawluk et al.
[11] identified influencing factors to quantify snow impacts,
examined existing assessment methods, and identified mitiga-
tion strategies. Pawluk’s review [11] of snow effects on PV
documented 11 prediction methods for quantifying snow losses.
However, despite an abundance of models and a proliferation
of recent snow studies [8], [12], [13], there are few articles
comparing their performance. Recently, however, a comparison
was reported by Hashemi et al.; hourly power output and meteo-
rological data were combined with daily snowfall measurements
to examine power prediction accuracy for 17 PV systems across
Canada comparing Marion et al. to a computational intelligence
model. The computational intelligence techniques were based
upon widely used and well-performing methods of gradient
boosted tree and long short-term memory networks. These mod-
els were trained on historical data, validated using calculated
power losses, and applied to predict future losses based on
common meteorological parameters [14].

Attempts to quantify snow coverage have also used computer
vision and image processing of monitored systems [15]. An-
drews et al. [16] validated a methodology for determining snow
losses from time-series performance data and meteorological
observations in Canada. Andrews et al. then developed a method
for determining the distribution of snow on PV modules from im-
age data captured at five-minute intervals. The image processing
method involved masking the PV array and determining snow
distribution from grayscale values [4]. This approach was also
used to test snow mitigation techniques such as hydrophobic PV
module coatings [17], [18]. Later, Braid et al. [19] developed a
method for measuring snow propagation on individual elements
of a commercial-scale PV project by applying hue-saturation-
value thresholding to transformed images of module sections.
This technique was further evolved to investigate the advantages
of bifacial over monofacial PV in snowy environments [20].
Camera monitoring of a PV test site can easily produce tens of
thousands of images over the course of a multiyear measurement
campaign. Thus, computer vision methods are indispensable
both for identifying exactly when snow losses occur and for
validating snow models. Where snow coverage estimation is
required over large geographic areas, snow detection algorithms
have been developed by Wirth et al. [21] using satellite-based
datasets, and by Lorenz et al. [22] using numerical weather
prediction model outputs combined with output data from PV
systems.

To summarize, there are multiple snow loss models and detec-
tion methods employed across a variety of sites, climates, and PV

system designs. An example of some of the methods for estimat-
ing energy losses due to snow include stochastic methods based
on historical PV array outputs [23], curve-fitting methods using
empirical correlations between array outputs and weather data
[6], threshold models using ambient temperature and irradiance
conditions to predict snow sliding [5], first-principle methods
based on complex energy balance equations [24], and artificial
intelligence algorithms [14]. Each of these approaches may have
their own benefits and drawbacks depending on the required
accuracy, the time scale of interest, and the data available.
Models that require fewer meteorological data or which can
achieve reasonably accurate results using satellite-derived inputs
are more broadly applicable. On the other hand, in-sifu weather
instruments and all-weather cameras, while not practical for
wide-scale deployment, are ideal for improving and validating
models at PV research sites consisting of only a few kilowatts of
capacity. For commercial scale multimegawatt systems, it may
be possible to deploy image analysis of snow-covered modules
in a more cost-effective manner through drone-based thermal
imaging already used in mobile applications for PV hot spot
and failure detection.

To test the accuracy of a snow loss model, it is necessary
to compare modeled annual losses to a reference or baseline
based on empirical data. The baseline determines energy losses
by first identifying times when the array is covered in snow.
Next, the amount of power that the array would have produced
in the absence of snow is calculated for a given irradiance
and cell temperature. Camera images of the array provide an
accurate depiction of snow coverage and are an important part
of baseline calculation. As a result, this study addresses both
the development of an image-analysis algorithm to detect snow
and the validation of snow-loss models. This study analyzed
data from a rooftop PV system operating in Quebec, Canada,
from January 1 to December 31, 2020. This particular year was
selected because it was the first year for which snow depth data
were measured on site. The results of the analysis are discussed
in the context of PV system modeling for northern communities.

II. SITE SUMMARY

The Varennes region has a temperate climate. For a typical
meteorological year, the dry bulb temperature varies from an
average daily high of around 26.3 °C in July to an average daily
low of —15.1°C in January [25]. Connected to the grid in 2018,
the system in this study is shown in Fig. 1 and consists of an
upper and lower-level south-facing array.

The upper level is composed of 75 modules with a total
nameplate power of 16.66 kW divided into three subarrays each
connected to a single-phase inverter. One subarray uses a 5 kW
Fronius Primo 5.0-1 and the other uses a 5 kW Kaco BP5002xi
inverter. Modules in the third subarray are equipped with power
optimizers and connected to a 5 kW SolarEdge (SES000A-US-
CAN-U) inverter. There are 87 modules on the lower level, each
equipped with an Enphase microinverter. However, the lower
level was not included in this study due to parasitic power
consumption from a sensor kit connected to one of the strings
and because a tree partially obstructed the camera view. Thus,
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Fig. 1. PV array at CanmetENERGY research center in Varennes. Module
type: Canadian Solar CS6P-245PQ XL.

TABLE 1
VARENNES PV ARRAY CHARACTERISTICS
Latitude 45.62°
Longitude —73.38°
Array tilt 45°
Array azimuth 183°
Height above rooftop 1.56 m

all references to the PV array in this article refer exclusively
to the upper level. Table I summarizes some of the geographic
features.

Data collection occurred in three parts: measurement of the
electrical power output, meteorological parameters, and ar-
ray photos. The rooftop weather station is equipped with two
plane-of-array irradiance sensors (Kipp and Zonen CMP10 and
CMP22), as well as a shadow ball diffuse pyranometer (Kipp and
Zonen CMP10) and a pyrheliometer (Kipp and Zonen CHPI)
mounted on a Kipp and Zonen SOLY S2 sun tracker. Radiometers
were cleaned once per week with a solution of 70% isopropyl
alcohol. Pyranometers had CVF4 ventilation units which inhibit
the formation dew, ice, and snow by circulating heated air over
the outer dome [26]. Temperature data were collected using four
back-of-module thermocouples (Omega SA1XL) and an ambi-
ent temperature sensor (Vaisala HMP155A). Wind speed and
snow depth were measured using ultrasonic devices RM'Y-86000
and Campbell Scientific SR50A, respectively. Snow depth mea-
surements included sound speed temperature compensation. The
dc output of each subarray was divided into current (measured
by a shunt resistance and an Omega DRI-DC signal conditioner)
and voltage (measured by VariTrans P29000P2/01 voltmeter).
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Fig. 2. Performance report for the dc side of the combined subarrays. The
monthly performance ratio is shown above each bar.

All measurements were made at 10-second intervals and aver-
aged minutely except for snow depth, which was reported every
15 min and averaged hourly. Wide-angle camera images of the
array (Campbell Scientific CCSMPX) were taken at 15-minute
intervals during the winter and hourly in the summer. A sec-
ondary camera, Canon EOS-50D, was available in the event of
downtime with view of an eight-module PV test bench at a 45°
tilt.

Since the snow depth sensor was installed in December 2019,
the first full year of data for snow loss analysis was in 2020.
A performance summary of the system is shown in Fig. 2.
Metrics such as performance ratio, capture loss, and system
loss were calculated according to IEC 61724-1 [27]. Capture
losses encompass the effects of soiling, snow accumulation,
module mismatch, dc wiring, temperature effects, reflectance,
etc. Balance of system losses quantify effects on the ac side
such as inverter conversion efficiency and ac wiring resistance.
In this report, the balance of system loss was zero since power
output for these three subarrays was measured only on the dc
side.

During 2020, the array produced 22.15 + 0.04 MWh corre-
sponding to a yield of 1329.5 4+ 2.4 kWh/kWp. A high annual
performance ratio of 90% reflected the fact that balance of sys-
tem loss was excluded. In addition, during some winter months,
cold temperatures combined with a lack of snow accumulation
on the modules resulted in minimized capture losses compared
to the summer. This was due to the enhanced array voltage at
lower operating temperatures relative to standard test conditions.
The capture loss was greatest in January, which was also the
month with the most frequent snowfall. Instrument availability
over the year was 96%. Array power output in December was
underreported due to 13 days of data logger downtime.

III. AUTOMATED DETECTION OF SNOW COVERAGE

All data and free and open-source software used in the study
can be acquired from https://osf.io/jrxqy/ under the GNU Gen-
eral Public License (GPL) 3.0.
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Fig. 3. Reference image and mask creation for the array.

A. Python Code Development

The main stages of the image processing pipeline were as
follows.

1) Projective image transformation to eliminate geometric
distortions.

Median filtering and blurring to reduce visual noise.
Threshold-based binary mask to segment individual PV
modules.

Grayscale image threshold to detect contrasting snow.
Calculation of snow area by determining the covered ratio
of the entire PV array.

A similar algorithm was applied by Rahmatmand et al. [24] to
determine the amount of snow cover on a PV array in Escanaba
(Michigan, USA). Ideally, before image processing, calibration
is required to obtain intrinsic camera parameters and eliminate
optical lens distortions. In this study, however, preprocessing
calibration was not possible due to difficulty accessing the
lamppost-mounted camera after it was setup.

Perspective transformation [25] allows one to virtually rotate
the image perpendicular to the camera. This procedure restores
the true geometric shapes of an object and preserves the existing
orthogonal structures. The resulting image can thus be calculated
according to the following equation:

2)
3)

4)
)

tr Tp miy M2 M3 Tp
ty | =M | yp | = | ma man my Yp
t 1 m3p M3y 133 1

where [ tx ty t ]T is the virtual top view, M is the projec-

tive transformation matrix, and [ z, 1y, 1 }T are the image
coordinates of the observed PV module. Since the camera is sta-
tionary, the perspective transformations were based on reference
corner points of the PV array. Optical distortions were compen-
sated for by applying an image mask that hides the contrasting
metal frame of each PV module. A ground truth image of the
PV array without snow was used to generate the binary mask for
the metal parts and to segment individual PV modules. The dark
color of the module surface contrasts well with the surrounding

800 1000 1200 1400

Mask

800 1000 1200 1400

metal structure, which makes it possible to apply a grayscale
threshold for segmentation. Further snow segmentation is based
on empirical grayscale thresholding due to the high contrast of
the snow compared with the dark background of absorber. The
amount of cover is calculated from the determined ratio of the
snow area to the area of the three subarrays.

B. Application of the Algorithm to the PV Array

Camera images were checked for snow from January 1 to
April 10, and from November 1 to December 31. The percentage
coverage for each timestamp was calculated from contour plots
generated by the algorithm. Given the coordinates of the array
corners, a reference image and mask were defined in Fig. 3. The
mask was then applied to the database of photos, an example
of which is shown in Fig. 4. By applying a pixel brightness
threshold, the percentage snow coverage was calculated for each
image. While the brightness threshold values were adjustable,
finding an appropriate threshold was challenging since snow
brightness varied across the day and between sunny and overcast
periods. To minimize these effects, the algorithm ran daily from
8h00 to 16h00 to avoid early morning and late evening when
low illumination made detection difficult.

In addition to compensating for low light effects, there
were also three factors that occasionally caused false positives:
sources of pixel brightness that were incorrectly interpreted by
the algorithm as snow. The first factor was camera movement
due to strong winds combined with thermal expansion and
contraction of the metal pole. These small misalignments could
sometimes cause vertical image displacement relative to the co-
ordinates of the reference photo. As illustrated in Fig. 5, a vertical
shift of the mask could cause the inclusion of brightened regions
of sky or rooftop as horizontal bands that falsely appeared as
snow in the contour plot. To correct this, a stabilization algorithm
was implemented at the start of each day to prevent vertical
misalignment errors from propagating over longer periods. The
stabilization algorithm compared the four corners of the array
in the reference to the identified array corners in the image
library. For each displaced image, a transformation matrix was
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Fig. 4.
plot.

Example of the application of the snow detection algorithm to a grayscale image of the array. Snow accumulation is highlighted in green in the contour

Fig. 5. False positive for snow caused by vertical camera displacement.
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Fig. 6.

calculated at the start of the day relative to the reference. The
transformation shifted the mask to overlap the modules of the
array in the displaced images.

The second source of false positives appeared to be caused
by the compounding effects of image distortion and horizontal
camera displacement. All images captured by the CC5MPX
camera contained some distortion whereby lines of a subject
photographed with a zoomed wide-angle lens were unnaturally
curved. Furthermore, to obtain a complete view of the array,
the camera was located at the top of a lamppost 56 m away.
Because of the distance between the camera and the array, even
small movements due to wind could have a noticeable effect
on the positioning of the reference mask relative to the image.
When aligned with the mask, image distortion was imperceptible
and did not create false positives. However, when the camera
was subjected to small displacements in the horizontal plane,
the image and reference mask no longer overlapped and the
distortion that was normally hidden became visible. As shown
in Fig. 6, this distortion manifested as vertical sections of the
module frame that escaped the mask.

The third source of false positives was due to precipitation.
Although the camera was equipped with a protective visor and
built-in lens defroster, there were several periods where the
presence of ice or rain droplets on the lens was interpreted
by the algorithm as snow on the array. An example of this
is shown in Fig. 7. Lens frosting occurred for three days in
January and one day in February coinciding with snowfall on
the array. While rain was also problematic, not all rainy days

False positive for snow caused by horizontal camera displacement and image distortion.

Fig. 7.

Rain droplets on camera lens.

resulted in droplet accumulation on the lens. Most rain-affected
images occurred in March and April. There were also inter-
mittent rain-affected images over two days in November and
December. For each of the three false positive categories, the
average array coverage and median values are given in Table II,
showing that false snow coverage incurred by camera displace-
ment and image distortion was generally less than 10%. By
contrast, false coverage incurred by rain and ice formation on
the lens was larger and occupied more of the camera’s field of
view.
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TABLE II
SUMMARY OF THE INFLUENCE OF FALSE POSITIVES
Coverage Coverage Images
average median affected
Vertical misalignment 4.7% 3.6% 8.7%
Horizontal misalignment 8.4% 6.1% 6.7%
Rain or ice on lens 20.2% 9.56% 6.5%

To assess the accuracy of the algorithm, all camera im-
ages were manually inspected, and a binary indicator was as-
signed based on whether snow was present (state of coverage:
1 = snow, 0 = no snow). In this case, the amount of snow
covering the array was not important if it was clearly visible.
The results of the visual inspection were compared with the
algorithm and a threshold was developed to filter out some of
the false positives by using the metrics in Table II. Taking a
weighted average of the percentage coverage for all three false
positive categories, a threshold of 10% was obtained. Applying
the threshold to the image processing results, only array coverage
above 10% was now interpreted as snow. This reduced the
occurrence of vertical, horizontal, and rain/ice false positives by
90%, 64%, and 52%, respectively. As shown in Section IV, false
negatives caused an underestimation of the snow losses relative
to the reference losses determined by manual inspection.

Examining only periods when the array was covered in snow,
the algorithm correctly identified snow cover 70% of the time
(recall = 70%) with undetected periods corresponding to false
negatives caused by small amounts of snow below the threshold
(22%) or snow cover which thinly coated the modules and did
not cause sufficient pixel brightening (8%). Examining the entire
six-month interval, the algorithm correctly identified the state of
coverage 90% of the time (accuracy = 90%) as compared with
visual inspection. The remaining images corresponded to false
positives from image displacement/distortion/rain (5.45%), and
false negatives (4.54%). The selection of the 10% threshold was
a compromise. A 5% threshold gave higher recall (80%) but
lower accuracy (87%) and a greater number of false positives. By
contrast, a 15% threshold had substantially worse recall (60%).
The effects of different thresholds are explored in Section IV.

IV. QUANTIFICATION OF ENERGY LOSSES BY EMPIRICAL
MODELING

A. Modeling the Array Energy Output

Once snow coverage was identified in a camera image, the
energy loss (ET,) for each interval was the difference between the
estimated (&) and measured (/) energy output according to
(2). As givenin (3), Ey is the sum of the product of the measured
array output power Py, multiplied by the time interval 7.

by, =FEg — By (2)

EMZZPoutXTk- 3)
k

To determine the estimated energy, a model based on Marion’s
previous snow loss analysis and IEC 61724 [5], [27] is given

Performance Ratio at 25 deg C
o o o e o o
- w (=)} ~ o (<]

I
w

0.00 0.05 0.10 0.15 0.20 0.25
Plane-of-array insolation per reference period (kWh/m2)

Performance Ratio at 25 deg C
=}
o

0.00 0.05 0.10 0.15 0.20 0.25
Plane-of-array insolation per reference period (kWh/m2)

(b)

Fig. 8. Function fitting of PR,s based on measured power output and
meteorological data in (a) January and (b) May.

in (4). Since camera images were collected at 15-minute inter-
vals, the estimated energy was determined by aggregating the
minutely data. The reference yield, defined as the product of ir-
radiance and the minutely reporting period G , x Ty divided by
Gref = 1000 W/m?, was summed from k= 1 to 15. Similarly, the
power-rating temperature adjustment factor, 1 + (T3, — 25),
used the irradiance-weighted module temperature 73, over the
same interval as given in (5), where T}, is the module temper-
ature. The power temperature coefficient, vy = —0.0043°C~!
was taken from module manufacturer data. The performance
ratio for a 25°C module temperature is given by P Rjs, and
P, is the nameplate power of the array.

Gig X 1 x (1 + (T — 29))
Gref

EE:PO XPR25 Z
k

“4)
Ty =Y Tix G/ Y Gk (5)
k k

To calculate E’g, it was necessary to determine the missing
variable, P R,s. During snow-free periods, Er, = 0, and (3) and
(4) are equivalent. Thus, P R,5 can be empirically determined
as a function of measured irradiance, array power output, and
module temperature. The results, displayed for two sample
months in Fig. 8, provided P R,s data as a function of insolation
for snow-free intervals identified by the camera. Each collection
of monthly data was then reduced to a P R,5 best-fit function that
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TABLE IIT
COMPARISON BETWEEN MEASURED AND MODELED PERCENTAGE LOSSES DUE
TO SNOW
Reference A PR2s Marion Marion Townsend
snow loss function SAM MATLAB powers
(fitted, SAM) fit (%) (%) (%) (%)

January 22.7+£0.8,21.4 2.0 44.1 29.9 6.8
February 34+0.3,3.7 3.8 40.0 25.9 7.1
March 0.0, 0.0 3.1 39.1 0 3.1
April 0.0, 0.0 3.1 0 0 0.7
May 0.0, 0.0 3.0 0 0 0.1
June 0.0, 0.0 2.1 0 0 0
July 0.0, 0.0 1.8 0 0 0
August 0.0, 0.0 2.4 0 0 0
September 0.0, 0.0 1.9 0 0 0
October 0.0, 0.0 1.8 0 0 0
November | 0.5+0.1, 0.6 1.9 1.9 0 3.1
December 1.0+0.1, 1.0 2.5 4.6 0 6.8
Total 1.6+0.1,1.5 - 6.8 4.1 14

In the Reference column, percentage energy loss due to snow calculated using manually
inspected images with the empirical fitting method are on the left, while energy losses
calculated using the same images with SAM are in red on the right. The percentage
uncertainty for the empirical fitting method for snow-free periods each month is given in
the A PR s column.

was incorporated into (4) to calculate the estimated array energy
output, F, under both snowy and snow-free conditions. For
each month, fitting coefficients were chosen by a least-squares
regression. Because P R;s data were based on PV system output
across different light intensities and incidence angles, the fitting
function implicitly accounted somewhat for system losses and
seasonal effects that may have been laborious to quantify by
other methods.

As seen in Fig. 8, January had a smaller amount of data with
which to fit (553 points) compared to May (1150 points) due
to the removal of periods when the array was covered in snow.
However, having fewer data in January did not appear to neg-
atively affect the model’s uncertainty. The estimated snow-free
power output for January and May was 637 £+ 13 kWh (2%
uncertainty) and 2280 £ 67 kWh (3% uncertainty), respectively.
The measured snow-free output during these two months was
627 and 2312 kWh. The distribution of estimated energy error
for each month of the year is given in Table III. The variation of
uncertainty across the year may be affected by meteorological
conditions, pyranometer resistance to ice or snow accumulation,
and availability of data for function fitting in the event of too
many snow days or data logger downtime.

The functions in Fig. 8 used Python’s orthogonal distance
regression which considered measurement uncertainty when
selecting the optimum fitting coefficients. The uncertainty for
each fitting coefficient was implemented in each monthly P Rs
formula used in (4). Uncertainties in each input variable in
(4) were propagated automatically using Python’s uncertainties
package to obtain the uncertainty in the estimated energy output
[28].

The root causes of uncertainty were attributed to the plane-
of-array pyranometers and the measurements of dc current and
voltage. Uncertainties were quantified using the Guide to the
Expression of Uncertainty in Measurement JCGM 100:2008
[29], and the Standard Guide for Evaluating Uncertainty in Cal-
ibration and Field Measurements of Broadband Irradiance with
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Fig.9. Pyranometer relative uncertainty contributions for factors affecting in-
put parameters of thermopile voltage (data logger) and responsivity (calibration,
nonstability, nonlinearity, temperature, tilt, maintenance), and output irradiance
(directional response, zero offset A, zero offset B).

Pyranometers and Pyrheliometers [30]. The relative uncertainty
in current (0.4%) and voltage (0.3%) was small compared with
the pyranometer uncertainty. Errors in pyranometer readings
were attributed to a variety of manufacturer-specified sources
of error and site-dependent factors whose relative contributions
are given in Fig. 9. Pyranometer relative uncertainty was highest
at low irradiance, where uncertainty was around 5 W/m? and
dominated by zero offset effects. During periods of very low
sunlight, in the early morning and late evening, thermal offset
became a large contributor to irradiance uncertainty. At high
irradiance, uncertainty could reach up to 43 W/m? attributed
mainly to error in the responsivity/calibration constant. All
combined uncertainties in this work are expanded uncertainties
using a 95% confidence interval (k = 1.96).

B. Calculation of Monthly Baseline Energy Losses From Snow

Using (3) and (4), the monthly estimated energy production
was compared with the measured output under snow-free and
snow-covered conditions. As mentioned in Section III, this
comparison was limited to daylight hours (8h00 to 16h00) to
avoid low light effects. In Fig. 10(a), snow-covered modules
were identified by manual inspection of the camera images. The
quality of the empirical energy modeling method was assessed
during snow-free periods; the measured and estimated energy
output based on visual inspection agreed within 1.5% or less
for all months. This was within the estimated uncertainty of the
modeling method which varied by month from 1.7% to 3.8%.
The annual energy loss due to snow was 328 £ 15 kWhor 1.64%
of the total array output. In Fig. 10(b), the same procedure was
repeated but instead using camera images where snow coverage
was determined by the image processing algorithm using a
coverage threshold of 10%. In this case, the annual snow loss
was 291 £ 23 kWh or 1.45% of the total output. In addition to the
uncertainty contributions discussed in Section IV, the difference
between the results from the algorithm and visual inspection are
also indicative of the slightly different set of camera images
flagged for snow coverage since the algorithm could not always
correctly identify snow. Thus, estimated snow losses were not
calculated over precisely the same intervals, and this was not
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Fig. 10. Comparison between measured and modeled energy output using
camera images that were (a) manually inspected and (b) inspected by the image-
processing algorithm to identify snow coverage. The percentage difference
between measured and modeled output during snow-free periods is given above
each month in black and the percentage monthly snow loss is shown in red.

quantified in the uncertainty propagation. All monthly and an-
nual uncertainties were derived from the minutely uncertainties
under the conservative assumption that these uncertainties were
associated with systematic errors. Since snow losses were small
relative to total energy produced, a quantification of uncertainty
for all parameters was necessary to ensure that estimated snow
energy losses could be clearly distinguished from the normal
measurement uncertainties in meteorological and PV power
Sensors.

In addition, to test the sensitivity of snow loss calculations
to different coverage thresholds, the 5% and 15% thresholds
were examined. The 5% threshold gave an annual snow loss of
1.62%. Although able to more accurately capture real snowfall
events compared with the 10% threshold, the 5% threshold
had twice as many false positives. During a false positive, the
absolute value of the difference between modeled and measured
output was calculated. Although, under snow-free conditions,
this difference should have been small, a greater number of false
positives would contribute to artificially inflating the snow loss.
The 5% threshold, with its higher number of false positives,
was more susceptible to uncertainties in energy output modeling
than the 10% threshold. By contrast, the 15% threshold, with

relatively few false positives, was unable to accurately capture
smaller amounts of snow cover and resulted in an annual snow
loss of only 1.2%.

Lastly, the baseline energy calculation using the empirical
method was contrasted to a baseline calculation performed in
SAM. The array was simulated using three subsections with
inverter and module data taken from the SAM library of manu-
facturer specifications. Using manually inspected images, SAM
was used to calculate energy output during periods when the
array was covered in snow. To ensure that the SAM model
was a close representation of the array itself, an annual total
energy output simulated for snow-free periods was compared
with the measured energy output over the same interval. For most
months, the empirical method gave slightly closer agreement to
the measured array output than SAM. However, the differences
in the calculated energy losses due to snow between SAM and the
empirical fitting were small, as shown in Table III. Under snow-
free conditions, differences between the simulated energy output
in SAM versus the measured values for the array were due mostly
to hardware and meteorological considerations. Parameters for
module mismatch, dc wiring resistance, and losses due to cover
glass reflectance, diodes and connectors, and average module
degradation rate were not known (default software values were
used where possible). In addition, SAM was run using irradiance
component data (direct, diffuse, and global horizontal) whereas
the empirical fitting method used plane-of-array irradiance. In
summary, either SAM or the empirical fitting method can be used
to estimate energy losses due to snow. The empirical method is
favorable if loss parameters are not clearly quantified, whereas
SAM is ideal if the PV array experiences many snowy days and
there are insufficient points for function fitting.

V. QUANTIFICATION OF ENERGY LOSSES USING SNOW
SHEDDING ALGORITHMS

In this section, the energy losses predicted by the Mar-
ion et al. and Townsend and Powers snow-loss models were
compared with the empirically derived baseline calculated in
Section IV. Although minutely irradiance data were available,
all simulations were run at hourly time steps because snowfall
measurements were averaged at hourly intervals. The accuracy
of ultrasonic snow depth sensors is at least & 1 cm, and there is
insufficient accumulation at minutely intervals to be detectable.
In addition, two different versions of the Marion et al. model
were used to account for snow sliding coefficients for rooftop and
ground-mounted systems. In SAM, the snow sliding coefficient
is fixed at a value of 1.97 corresponding to a rooftop array.
However, the array in this study is better approximated as a
ground-mounted system since the modules are 1.56 m above the
roof and snow-piling effects are negligible. Thus, a version of the
Marion et al. [5] model was written in MATLAB and the sliding
coefficient was changed to 6.0 corresponding to the faster snow
shedding observed for ground-mounted arrays.

A. Overview of Marion et al. and Townsend and Powers
Models

The Marion et al. model simulates losses using a snow sliding
threshold. For each time step, it checks if new snowfall has
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occurred by comparing measured snow depth on the ground
to that of the previous time step. A 1 cm minimum depth change
filter is used to help reduce noise from snow sensor measurement
uncertainty. If fresh snowfall is greater than 1 cm, the array is
assumed to be completely covered and produces no power. If
there was no snowfall, the coverage condition from the previous
hour is used. The Marion et al. sliding condition is given in
(6), where snow slides if the ambient temperature, 7,, is above
the threshold, R, which is the plane of array irradiance, Ipoa,
divided by an empirical constant , m = —80 Wm2C~!. The
snow sliding distance, D , in tenths of total array row height, is
given in (7) where € is the tilt angle of the array relative to the
ground.

Ta >R = IPOA/m (6)
D =S5, -sin (). (7

At the end of a time step, the amount of snow on an array is
decremented by the slide amount and power output is calculated
relative to the number of exposed strings. A string which is par-
tially covered by snow is assumed to produce no power. SAM al-
lows one to specify whether modules are in portrait or landscape
configuration, and modules are assumed to be wired together
in series-connected horizontal strings. The sliding coefficient
S. was experimentally determined by Marion for roof-mounted
systems with a value of 1.97, whereas a coefficient of 6.0 may be
substituted for ground-mounted arrays. The difference between
the two reflects decreased shedding on rooftops due to snow
piling.

The Townsend and Powers model differs from the Marion et
al. model by taking a stochastic approach. An empirical correla-
tion between total monthly snowfall and fractional monthly en-
ergy loss was developed using a formula that was incrementally
adapted to improve the fit by considering tilt angle, air temper-
ature, and the geometric effects of ground interference, among
other factors [6]. The inputs such as plane of array irradiance,
ambient temperature, and snowfall are similar to those of the
Marion model, but relative humidity data are also required. The
Townsend and Powers model aggregates results into monthly
percentage losses. Both models can be used to estimate annual
energy losses, but results are less accurate at monthly time scales.
Both models rely on empirically derived constants, and may be
somewhat specific to the particular location, technology, and
mounting configuration upon which they were developed and
tested. However, the fundamental mechanisms of snow shedding
captured by each model would seem to be broadly applicable to
most fixed-tilt arrays.

B. Comparison of Snow Loss Models to Reference

The results of the Marion et al. and Townsend and Powers
models compared with the baseline losses are summarized in
Table III. At an annual scale, the Townsend and Powers model
was closest to the real losses measured for this system. The
Marion et al. model simulates shedding using hourly time steps
according to the sliding threshold. By contrast, the Townsend
and Powers model calculates percentage loss by aggregating
data into monthly averages. The Marion et al. model in SAM
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Fig. 11.  Module series interconnection for two subsections of one string
inverter in the array.

was run with the default snow sliding coefficient of 1.97. To test
the enhanced snow shedding possible with a ground-mounted
sliding coefficient of 6.0, the Marion et al. model was also run
in MATLAB.

Compared with the Townend and Powers model, which uses
six-week averages, the larger snow losses from the Marion
model may be due to a greater sensitivity to snow depth data since
the simulation is performed at hourly timesteps. The accuracy
of the SR50A ultrasonic sensor is influenced by several factors.
It requires a representative speed of sound correction and a
flat dense surface for the sonic pulse. Depending on exposure,
depth changes may not only be due to snowfall but also wind
redistribution. Snowpack under freshly fallen snow may also
become compacted under its own weight. The condition of the
ground is also important as measurements should be performed
on a cleared surface such as a concrete pad or snowboard. Under
ideal conditions, the uncertainty of the SRS0A may be £1 cm
but in the field, this can easily increase to £2 cm. It may be of
interest to increase the snow depth delta threshold accordingly
in SAM to see how this affects the results.

SAM results may also be affected by the string and mod-
ule orientation relative to the snow cover. The array in this
study did not have modules connected in horizontal strings.
Instead, a serpentine series connection was used. A subsection
of this module interconnection is shown in Fig. 11. Lastly,
SAM does not consider the orientation of module bypass
diodes relative to snow shedding. This may be necessary to
minimize simulation time and computational load. However,
for a typical 60 or 72-cell module with three bypass diodes,
a landscape orientation may be more advantageous to par-
tially reveal diode-connected segments as snow sheds. By con-
trast, a module with half-cut cells connected in six separate
strings in a split-module arrangement may offer additional
flexibility to partial shading in either portrait or landscape
configuration.

The Townsend and Powers model, while yielding better an-
nual results, requires additional relative humidity data compared
with the Marion model. While it has the potential to capture
interesting array-specific snow shedding behavior such as snow
accumulation and piling beneath the array through a ground
interference term, the Townsend and Powers model requires
further validation at other sites to determine how some of these
features perform. In addition, many of the monthly variations
between both models and the baseline are to some extent because
of the complexity of the snowpack itself. Snow may display
heterogeneous properties as it ages and compacts, and its move-
ment across different module surfaces and intra-module gaps is
difficult to model.
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Fig. 12.  Segmented image with labeled snow regions from an array used in a
different study [32].

VI. CONCLUSION

The results in this study provide a comparison for energy
losses due to snow for an array operating in Quebec, Canada.
The study compares the Marion et al. and Townsend and Powers
snow loss models to estimated reference losses based on real
power production data. These reference or baseline snow losses
were calculated using empirical fitting methods combined with
the automated analyses of camera images to precisely identify
periods of snow coverage. The algorithm used to detect coverage
from camera photos could be made more robust to correct image
distortion and avoid interference from water droplets and lens
icing. On an annual basis, the Townsend and Powers model
agreed more closely with real snow losses than the Marion
et al. model. However, Marion et al. model results were also
dependent on the choice of sliding coefficient (rooftop versus
ground-mounted) and may be sensitive to the way snow depth
data are measured. In terms of snow model accuracy, these two
models may be used to estimate annual snow loss, but more
validation and research is required before they may be applied
to monthly or daily time scales. These results are for a single site
and may not be representative of other arrays. The physics of
snow shedding from PV modules is a complicated phenomenon
affected by both weather and array technology and there remains
a need for model validation at a larger number of latitudes and
tilt angles. Assessing snow shedding for single-axis tracking PV
arrays would also be beneficial as their use expands in northern
climates.

VII. FUTURE WORK

Future work can be divided into two categories: the automated
camera analysis for snow cover, and the assessment of snow loss
models. Regarding the development of the image processing,
it is possible to use convolutional neural networks (CNN) to
improve the snow segmentation algorithm. Work is currently
underway to create a segmented image dataset with labeled
snow regions (Fig. 12), which can serve as a resource for further
training on various CNN architectures [31]. This can make it
possible to determine the amount of snow cover in conditions
of poor illumination. Furthermore, a more robust algorithm
could be developed that performs image preprocessing to correct
for distortion and camera displacement to improve recall and
accuracy. Alternatively, an image processing algorithm could be
developed that does not require a reference image, and perhaps
uses artificial intelligence to accurately determine the location
of the array.

In terms of snow loss modeling, it would be useful to study the
influence of different measurement methods for several types of
sensors. Snow depth is a key input parameter for both models.
One could, for example, compare modeling results using snow
depth measured by vertical laser, ultrasonic depth sensor, and
laser disdrometer. The advantage of a laser disdrometer is that
it is unaffected by snowpack drifting, compaction, and melting
because it detects precipitation passing across a horizontal beam.
In addition, the Marion et al. and Townsend and Powers models
are only two of at least 11 snow loss algorithms outlined in the
literature and comparison with other models should be pursued.
The validation effort should be extended to a greater number of
latitudes and climates to get more comprehensive statistics on
the performance of different snow loss models.
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