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ABSTRACT

Solar panel soiling is an important problem for the energy sector as we transition
away from fossil fuels. Previous methods have aimed to analyze and combat soiling
through the use of classical computer vision techniques or weakly supervised deep
learning. In our study, we present a two-step, fully supervised deep learning approach
for analyzing solar panel soiling on a per-panel level. From a single RGB image of a
solar panel, combined with the environmental factor of solar irradiance, our method
produces predictions for soiling type, soiling location, and soiling severity. We also
introduce a first-of-its-kind dataset labeled with ground truth semantic segmentation
maps for the purpose of solar panel soiling analysis. This dataset contains 1104
samples. We find that our model can achieve Jaccard indices in excess of 70 when
predicting semantic segmentation maps and top-1 accuracy’s in excess of 92% when
predicting soiling severity. Our method outperforms previous techniques in the
domain of solar panel soiling analysis.

Keywords Artificial Intelligence - Solar Panel Soiling - Convolutional Neural Networks - Solar
Panels - Photovoltaic Soiling - Computer Science - Semantic Segmentation - Classification

1 Introduction

The rapid growth of the photovoltaic industry over the past decade has been nothing short of
amazing. Solar panels provide what is perhaps humanity’s most realistic option for generating
carbon-free electricity. Although revolutionary to the energy sector, large and mid-sized solar farms
are not without their issues. Maintenance of solar panels can often be complicated, costly, and
resource intensive. The phenomenon of solar panel soiling, or the accumulation of particulate
matter across the surface of a photovoltaic cell, has been shown to decrease panel energy output
by over 25% in real-world studies in very dirty conditions [7]]. This establishes PV soiling as a
serious problem for the solar panel industry, reducing worldwide revenue by millions of dollars and
worldwide PV output by almost 5% [13]].

While a human can determine the soiling type and, to some degree, the severity of the soiling
impact on a PV cell, this would be absurdly inefficient. Because of this, most large-scale solar
farms clean their panels at set intervals. This method also introduces large resource inefficiencies,
often using massive amounts of water in excess of 10 billion gallons per year [8]]. More targeted
cleaning strategies have the potential to dramatically reduce water usage in solar panel cleaning by
prioritizing resources where they are actually needed.
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Furthermore, without detailed soiling information for individual solar panels, it can be hard to
enact effective countermeasures. Some types of soiling, such as bird droppings, may require special
attention when cleaning. Different types of soiling can also take more or fewer resources to remove;
for example, dust that has been exposed to solar panels for longer can often be more difficult to
remove due to the process of dust cementation [3]. This creates a compelling argument for systems
that can provide a more in-depth analysis of solar panel soiling because that information is critical
in a more efficient cleaning process.

In our study, we aim to develop a deep learning-based system for monitoring, analyzing, and
ultimately combating solar panel soiling. This system has 2 primary objectives; the first objective
is to produce a segmentation map containing information on soiling type and location; the second
objective is a predicted value for the severity or impact of the soiling. If this information can be
reliably and accurately produced, it can greatly improve the efficiency and effectiveness of the solar
farm cleaning process.

One of the greatest hurdles to developing machine learning systems for solar panel analysis is the
lack of labeled datasets large enough to train segmentation models [14]]. In this paper, we present
a dataset containing images of solar panels with semantic segmentation labels, allowing for the
fully supervised training of segmentation models. From a single RGB image of a solar panel and a
solar irradiance reading, our system produces a detailed semantic segmentation map to represent
the soiling type and location while also predicting the severity of the soiling impact.

2 Related Work

Many techniques exist, both in literature and in practice, for analyzing solar panel soiling. Most
of these techniques rely on traditional computer vision algorithms, utilizing IR and RGB images as
inputs [ 1}, 2, |11}, 3]. While methods such as histogram matching or color filtering are reasonably
effective at determining soiling location but are completely incapable of differentiating between
different kinds of soiling. More recently, many papers have aimed to take a more intelligent
approach to the problem, utilizing modern deep-learning techniques.

These papers always attempt to circumvent the lack of a dataset for solar panel soiling segmen-
tation. While DeepSolarEye [[14] introduced the first large-scale dataset of solar panel images
labeled with power loss (or soiling impact), it did not tackle the problem of segmentation with
human-generated masks, but rather through weakly supervised learning techniques. DeepSolarEye
[14]] trained a network to predict power loss and then analyzed how each pixel influenced the
predicted power loss. While circumventing the need for a traditional labeled image and mask
dataset, it also introduces potential inefficiencies. For example, training a weakly supervised model
in this manner can possibly result in soiling patches with less influence being undetectable. Having
a labeled dataset also makes the process of determining soiling type much simpler.

Deep learning-based semantic segmentation models, specifically fully convolutional networks,
have been proven to be powerful tools, used for everything from biomedical image segmentation
[15} 4] to self-driving cars [5,|16]. Up until this point, the lack of large labeled datasets for these
models has prevented them from being used in the domain of solar panel defect analysis [14]. In
our study, we solve this problem by introducing a human-labeled dataset of solar panel soiling.

3 Dataset

DeepSolarEye [14], introduced the first large-scale solar panel soiling dataset. This dataset was
comprised of 45,754 images of clean and soiled solar panels annotated with solar irradiance and
soiling impact. While powerful, this dataset was not annotated with segmentation masks for any
of the images. We introduce a human-labeled dataset of solar panel images paired with semantic



Gust and Rodriguez

segmentation masks. Our dataset contains 8 classes, 6 of which are soiling classes, and is expanded
to over 2000 images through the use of data augmentation.

3.1 Semantic Segmentation Labels

Previous works have utilized weakly supervised learning techniques to build segmentation models
with only input images and soiling severity labels. This method circumvents the need for semantic
segmentation labels but also places a limit on the accuracy of these models. Furthermore, these
methods employ webly supervised learning techniques to predict soiling category [6], an additional
step that can further reduce model performance and add inefficiencies. We circumvent these issues
by creating human-labeled semantic segmentation labels for a subset of the solar panel soiling
dataset introduced in DeepSolarEye [ 14]]

In our study, we utilize the modern computer-assisted labeling tool, segments.ai, to efficiently
create a set of semantic segmentation labels for our dataset. Of our initial dataset of 45,754 images,
we take 184 and produce ground truth segmentation masks. This relatively small dataset contains
multiple samples representing every kind of soiling and distribution contained within the larger
dataset. We then apply dataset augmentation discussed in section |3.3|to expand our dataset to 1104
images. This process of data augmentation also increases the diversity of our dataset.

Our newly labeled dataset contains 8 unique classes. These classes are background, clean
solar panel surface, red, brown, light gray, bird poop, snow, and white speck. These classes are
somewhat arbitrary and are defined by subjective visual appearance. The source dataset [[14] utilizes
substances such as dust and talcum powder to emulate different kinds of solar panel soiling with
different distributions and consistencies. Because of this, classes such as bird poop and snow are
not perfectly representative of their in-field counterparts. This is not necessarily an issue due to
recent advancements in transfer learning and knowledge distillation. By applying these techniques,
it is possible to fine-tune semantic segmentation models to new classes with minimal training data.

3.2 Dataset Binning

Traditionally, deep learning techniques, particularly convolutional neural networks, perform
much better on classification problems than regression problems. It is easier for a model to predict
a discrete class than to predict some sort of continuous output. In our dataset, soiling impact is
recorded as a decimal. In order to solve the problem of one of our output values being continuous,
we partition the soiling impact variable into discrete classes.

In order to better understand the performance of our method, we create multiple datasets with
different levels of detail in their partition. We create datasets with 4, 8, 12, and 16 discrete solar
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panel soiling severity classes. In order to achieve this, we use the simplest method of dataset binning,
equal width binning. Equal width binning splits the dataset into n-bins with an equal range or width.
An image of our dataset distribution when it is binned with 8 severity classes can be found below.
See Appendix A for figures representing different configurations of the dataset
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3.3 Data Augmentation

Data augmentation, or the process of artificially increasing the number of samples in a dataset by
editing existing samples, has been proven to be a powerful tool in preventing model over-fitting and
increasing accuracy [17]]. In order to increase the diversity of our semantic segmentation dataset,
we employ a variety of data augmentation techniques. We apply 5 different augmentations to every
image in our dataset. These transforms are as follows, a random 90-degree rotation, grid distortion,
horizontal flipping, vertical flipping, and Gaussian blur. Each of these augmentations is applied once
to every image in our dataset, thus multiplying the number of samples in our semantic segmentation
dataset by 6. This provides a significant increase in both the size and diversity of our dataset. Our
new dataset contains 1104 image and segmentation mask pairs.
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(e) Gaussian Blur Example (f) Vertical Flip Example (g) Grid Distortion Example

4 Our Method

We propose a two-stage method for defect analysis of PV cells. The first stage is a fully
convolutional neural network (FCN) trained to produce soiling segmentation masks on RGB images
of solar panels. The second stage consists of a classification network, which utilizes the mask
produced by the FCN, the original solar panel image, and a solar irradiance reading from near the
solar panel as input. The learning objective for this network is to classify the power loss or soiling
impact of the panel. In our study, we evaluate multiple FCN model architectures and multiple
architectures for power loss prediction. Evaluated segmentation models include U-Net [15], SegNet
[4], and FCN-32[12]. We evaluated the performance of a variety of CNN architecture for the
soiling impact classification learning objective. Additionally, we also evaluated the performance
of a simple, fully connected network on the classification task to provide a baseline for our other
models.

4.1 Segmentation Model Architectures

We aim to find a model architecture for semantic segmentation that effectively balances the
trade-off between computational efficiency and accuracy. All models we analyze are FCNs. FCNs
utilize convolutional down-sampling, typically seen in traditional image classification networks,
with convolutional up-sampling. FCN models come in many different varieties, but most follow the
basic pattern of down-sampling the input image into a bottleneck and then up-sampling the feature
representation of the bottleneck into an image with a number of channels equal to the number of
soiling types. To produce a prediction that can be visualized by humans, the softmax activation
function is applied to the model’s outputs to create per-pixel probabilities for each segmentation
class; then, a pixel-wise max of these probabilities creates the final semantic segmentation prediction.
In our study, we analyze the effectiveness of multiple different FCN models in a new domain, the
semantic segmentation of photovoltaic soiling.

4.1.1 FCN-32

Among the first fully convolutional architectures ever proposed for image segmentation, FCN-32
is a good baseline for segmentation model effectiveness. The architectures encoder block, or
convolutional downsampler, is similar to any other convolutional neural network architecture. In
opposition to other fully convolutional architectures, the FCN-32 decoder consists of only a single
layer, upsampling the feature representation of the bottleneck into a segmentation prediction. It is
noteworthy that the FCN-32 architecture lacks any type of residual connection, feature representa-
tions or pooling indices are never re-introduced at a later stage in the network. Due to its simplicity,
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in our study, we use the FCN-32 architecture as our segmentation baseline model. A simplified
outline of the FCN-32 architecture can be seen below.
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4.1.2 U-Net

The U-Net FCN architecture [@], first introduced in 2015 by Ronneberger et al, has been the
go-to method for semantic segmentation of images across all fields of computer vision. Originally
developed as an improvement to some of the first FCNs [12] introduced in 2014 by Long et al,
the U-Net intended to solve the problems of information loss and dataset size that had plagued
early FCN architectures. Convolutional encoders (or down-samplers) can never perfectly encode
their inputs in a lossless way due to pooling operations. Due to this, convolutional decoders had a
fundamental limit to their accuracy because there would also be some amount of information loss
throughout the network. U-Nets, aim to solve this problem by reintroducing feature maps from
each level of the convolutional encoder to the respective layer of the convolutional decoder. In
this way, U-Net provides dramatically better semantic segmentation accuracy than its predecessors,
at the cost of lower efficiency, due to the computational expense of re-introducing entire feature
maps from past layers of the network. We utilize a variation of the U-Net architecture known as the
ResNet-UNet, which utilizes the ResNet50 [10] CNN architecture as a convolutional encoder for
the U-Net. A diagram of a generic U-Net model can be seen below.
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Another key feature of U-Nets, and most other FCN models that came after it, is its ability to
train with very few training examples. Its symmetric architecture has proven to be very efficient.
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Only a few hundred, not thousands, of semantic segmentation labels, are required to effectively
train; this feature of U-Net is very important for our domain, where only limited data is available.

4.1.3 SegNet

SegNet [4] is an architecture designed to solve one of the critical inefficiencies of the U-Net
system. Where U-Net reintroduces entire feature representations from its encoder into the decoder
using residual connections between convolutional layers, SegNet only reintroduces pooling indices.
By only moving pooling indices from the compression path to the expansion path, SegNet has the
potential to use dramatically less memory. This property of SegNets is very important for our unique
task. When deployed in the field, it is not guaranteed that our system will have vast computational
resources. Because of this, model efficiency and size are very important when selecting a proper
architecture.

Convolutional Encoder-Decoder

Pooling Indices

Y conv + Batch Normalisation + RelLU
Pooling | ' Upsampling Softmax

The SegNet aims to eliminate needless computational inefficiencies and is often able to achieve
accuracies and Jaccard indices equal to or surpassing those of UNet models. For the purposes of
our study, we use a variant of the classical SegNet architecture known as the ResNet-SegNet, which
utilizes the ResNet50 [[10] CNN architecture as a convolutional encoder for the SegNet. In our
results section, we see that SegNet performs better than other segmentation models in our domain.

4.2 Classification Model Architecture

In our study, we aim to effectively predict the soiling impact on photovoltaic cell power output,
not just soiling type and distribution. In order to do this, we employ a simple convolutional neural
network which is trained on binned versions of the dataset introduced by DeepSolarEye [[14].

The model consists of only two convolutional layers followed by two feedforward or linear layers.
The input is a four-dimensional array representing a concatenation of a solar panel image and a
predicted segmentation map. At the beginning of the linear component of the model, the on-site
solar irradiance measurement is concatenated to the flattened feature representation generated by
the convolutional layers.

4.3 Segmentation Model Training

The training process for each of our semantic segmentation models is identical. We optimizer
our segmentation models with the Adadelta optimizer and the pixel-wise categorical cross-entropy
loss function. The segmentation masks within our dataset contain a high degree of class imbalance,
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this is due to background and clean panel classes being much more common than any soiling class.
In order to combat this problem, we utilize the common technique of weighting our loss function.
The losses for background and clean panel classes are kept the same, whereas the losses for classes
representing soiling are multiplied by 3. This technique of a weighted categorical cross-entropy
loss ensures the model does not get stuck, only predicting clean panel and background classes.

We train each segmentation model for 100 epochs with an optimizer learning rate of 0.023.
During model training, we track the metrics of loss, accuracy, and mean intersection over union
(otherwise known as the Jaccard index). Graphs of these values can be found below in Appendix B

4.4 Classification Model Training

Classification training is dependent on a segmentation model having been previously trained.
For our classifier model, the input is an image of a solar panel, a predicted dust mask of the solar
panel, and a solar irradiance reading from near the panel location. The training process is similar
to that of any other image classification model, but we introduce critical changes, such as dataset
oversampling, that are required for high performance on our unique dataset.

Dataset loading is similar to the dataset loading for segmentation model training; the only change
is swapping semantic segmentation labels for semantic segmentation predictions from one of
our previously trained segmentation models. Instead of the comparatively small dataset used for
segmentation model training, we can now have access to the full dataset containing 45k+ annotated
solar panel images. Instead, to verify our classification models are not overfitting, we train on every
third image within our wider dataset.

4.4.1 Dataset Oversampling

As discussed in section3] the original dataset of 45,754 images is incredibly imbalanced in terms
of soiling impact classes.
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Classification Dataset Distribution (16)
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As seen in the figure above[Th] the dataset is heavily skewed towards classes on the lower end
of the soiling impact severity spectrum. Representation is especially low for moderately soiled
images, which are likely to appear often in real-world circumstances. This presents a problem for
our classification models. When training any of our classification models on this dataset directly,
accuracy would never exceed a certain limit, usually as low as 42% for a dataset with two classes.
This is due to the model only predicting one class due to skew within the dataset. At the start of
training, the model will quickly reach a false local minimum in the loss function, never reaching a
more global minimum.

To combat this problem, we apply dataset oversampling to our dataset. Instead of loading every
training sample once per epoch in random order, we apply weights to the training samples in our
dataset. The number of each soiling severity class is counted across the dataset; the corresponding
weight for this class is

1
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. For example, in a dataset with two classes, one containing 80 images and another containing 20,
the corresponding weights would be
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These class weights are then applied to our data loader, ensuring that the model will encounter all
soiling severity classes in roughly equal number. Additionally, we artificially multiply the sampler
weights for the first and second classes by 1.5 due to their high prevalence in our dataset and in the
real world. This solves the problem of classification models only learning to predict one class.

4.4.2 Training Loop

The training loop for our classification model is not unlike that of any other image classification
model. We train each model for a total of 100 epochs. For each epoch, we iterate through our
data loader, utilizing the dynamically generated class weights created by the sampler. The fetched
training samples are passed through our model, which generates predictions on the input data.
Model loss is subsequently computed with the categorical cross-entropy loss function. Classification
model parameters are then adjusted through the use of the Adam optimizer off of the computed loss.
We also log metrics such as loss and top-1 accuracy. These metrics can be found below in[/} At the
end of the training process, we also evaluate a top-2 accuracy to understand how often our model is
off by more than one soiling severity class.

Our initial learning rate at epoch 0 is (1e-4), or 0.0001. We apply a learning rate scheduler to this
value at each epoch, multiplying the current learning rate by 0.985. The function for our learning
rate at any epoch can be defined as

a(n) = 0.0001 * 0.985" @)

. Our learning rate at epoch 100 is, therefore, 0.00002206089. We find that a batch size of 64
performs well with different dataset configurations.

5 Results

In this section, we discuss the overall effectiveness of our method both subjectively and ob-
jectively. We individually explore the effectiveness of both our segmentation models and our
classification models. We find that our method achieves record-breaking segmentation and classifi-
cation accuracies for the task of analyzing solar panel soiling.

5.1 Segmentation Models Results

We find that our method achieves record-breaking Jaccard indices on our dataset; this is expected
due to us introducing ground truth training labels rather than using techniques such as weakly
supervised learning. Our most effective model, SegNet, is often able to achieve Jaccard indices in
excess of 70 on images it has not seen before. In this section, more statistics and insights for each
of our segmentation models.

5.1.1 Objective Analysis

Table 1: Segmentation Model Evaluation
| Name | Test Split || Train Jaccard Index | Dataset Jaccard Index | Parameters |

| FCN-32 [ 20.0% || 57.38 | 54.46 | 70.02 million |
| U-Net |20.0% | 82.01 | 71.81 | 16.38 million |
| SegNet |20.0% | 97.73 | 72.35 | 14.87 million |

10
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5.1.2 Subjective Analysis

SegNet is both the most accurate and efficient model in terms of Jaccard indices and model size.
We subjectively analyze SegNet by testing it with images from our wider dataset that it has never
seen before. For more predictions from each model, look below in Appendix D

|

‘ [E |
|
- o |1

SegNet is able to accurately identify soiling patches across a variety of different input images.
SegNet can sometimes become confused between similar soiling classes, as seen above but is
consistently able to locate a variety of soiling patches.

11
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5.2 Classification Models

We find that our system is able to classify soiling severity with a high degree of accuracy, able
to achieve top-1 accuracies of over 90% in some configurations of our dataset. We find that our
method for power loss classification is capable of meeting and exceeding the soiling classification
accuracies of other soiling severity classification methods. Furthermore, our method is rarely wildly
wrong, with top-2 classification accuracy’s in excess of 89%, even in dataset configurations with 16
classes. In the sections below, we provide objective and subjective analyses of our classification
models performance on different dataset configurations.

5.2.1 Analysis

After training for 100 epochs, we evaluate each of our classification models with the metrics of
top-1 accuracy and top-2 accuracy. Though every model was only trained on every third image, the
metrics below are computed across the entire dataset. This serves as a way to ensure our models are
not severely overfitting to their training data.

Table 2: Classifier Model Evaluation

| Name | Classes || Top-1 Accuracy | Top-2 Accuracy |
| Classifier-4 | 4 | 92.47% | 98.66% \
| Classifier-8 | 8 | 84.01% | 95.03% \
| Classifier-12 | 12 | 80.21% | 91.92% \
| Classifier-16 | 16 | 75.33% | 89.38% \

These results are expected. We see that our models achieve lower accuracy’s as the number
of classes in the dataset increases. It can also be seen that every model has a very high top-2
accuracy; this is important because it verifies that each model is rarely wildly wrong in its power
loss predictions.

In order to better understand where our classification models are incorrect, we generated confusion
matrices for each model. Each of these confusion matrices can be found below in Appendix E.

12
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In the figure above, we can see that most error is concentrated toward the lower end of our dataset.
This is largely due to the similarity between images at the lower end of our dataset. There is only a
minute visual difference between an image with a soiling severity of 1 and a soiling severity of 2 in
a dataset of 16 classes. Furthermore, most errors are under-classifications of soiling severity rather
than over-classifications.

6 Business Applications

As discussed in the introduction, analysis of solar panel soiling can streamline the process of
cleaning solar farms. By gathering detailed information about solar panel soiling at a per-panel
level, many new possibilities are opened to large-scale solar farms. By observing the data generated
by our model over a long period of time, trends of where an accumulation of solar panel soiling is
most intense can be discovered and analyzed; this would allow more long-term countermeasures to
be introduced. Combating soiling on a per-panel level also opens the door for businesses to save
money in a variety of ways. By cleaning each panel individually, businesses can highly increase the
efficiency of their cleaning resources, both cleaning agents and personnel. Information from soiling
severity classification models can be used to corroborate power loss measurements from previously
installed sensors. Deep learning-based monitoring techniques have the potential to reduce the 10
billion gallons of water used every year for solar panel cleaning [8]. Enriched data also has the
potential to inform solar panel cleaning robots such as those discussed in Hashim et al [9].

Due to the rapidly growing nature of the solar panel market, reducing soiling power loss by even
2-3% has the potential to save solar panel farms millions of dollars worldwide. This reduction in

13



Gust and Rodriguez

solar panel soiling power loss also has the potential to increase the power outputs of large-scale
solar farms, particularly in solar panel soiling-rich environments such as deserts.

7 Conclusion

By providing in-depth, highly accurate information about solar panel solar soiling, SoilingNet
opens the doors for the solar panel cleaning technologies of the future. In our study, we present the
first-ever fully supervised learning approach to monitoring and analyzing solar panel soiling. From
a single RGB image of a solar panel, combined with environmental factors, our method is able to
accurately predict important characteristics such as soiling type, soiling location, and soiling impact.
We also construct a dataset containing 1104 pairs of solar panel images and soiling segmentation
masks. This dataset can be used and expanded upon in future studies to create even more powerful
solar panel soiling analysis systems.
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Figure 1: Prediction Examples FCN-32
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Figure 2: Prediction Examples U-Net
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Figure 3: Prediction Examples SegNet
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