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Abstract

Solar photovoltaic systems lose 1.5-6.2% of annual energy yield per 1 g/m? of surface soiling, yet existing
automated soiling detection systems apply single-task classification without exploiting the physically grounded image
formation processes that govern how distinct soiling types dry particulate deposition, cohesive mud adhesion, organic
bird droppings, mineral water spot residues, and their mixtures manifest as characteristic optical signatures in surface
reflectance imagery. This paper presents, a Physics-Guided Multi-Task Computer Vision framework(PHGMTCV) for
solar panel soiling characterization that addresses this gap through four novel contributions aligned with the International
Journal of Computer Vision’s scope of mathematical, physical, and computational aspects of vision: (1) a physics-inspired
image decomposition branch that explicitly extracts luminance value, chromatic saturation, inter-channel chromatic
residuals, and Laplacian gradient response as structured visual cues reflecting the reflectance and scattering physics of
distinct soiling deposits; (2) a multi-task U-Net segmentation decoder sharing encoder representations with the
classification head, trained under a joint Dice-CE plus Sobel boundary consistency loss; (3) exponential moving average
prototype memory enabling similarity-based evidence retrieval and prototype alignment regularization; and (4) Monte
Carlo dropout-based epistemic uncertainty estimation providing calibrated predictive confidence for deployment. Trained
and evaluated on a physics-informed synthetic soiling dataset includes 6 classes, and 60 training samples per class, The
proposed PHGMTCV framework achieves exceptional performance, attaining 100.00% classification accuracy and
weighted F1-score, along with 99.12% mean IoU and a Dice score of 0.9923. Additionally, prototype retrieval yields a
one-versus-rest AUC of at least 0.9989, demonstrating strong discriminative capability. The method consistently
outperforms all eight compared state-of-the-art approaches by a margin of at least 1.33 percentage points in accuracy.
Component-wise ablation further reveals a substantial overall improvement of 17.7% in accuracy over the baseline ResNet
backbone, with the physics-guided branch contributing the most significant gain, improving accuracy by 6.8% and mean
IoU by 8.1% through the integration of physically grounded image formation cues into visual feature learning.
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1. Introduction

The proliferation of large-scale photovoltaic (PV)
installations has created an urgent need for automated,
vision-based soiling monitoring systems capable of
identifying, localizing, and characterizing surface
deposits that degrade energy conversion efficiency.
Soiling-induced power loss represents a substantial and
largely preventable fraction of global PV yield losses.
The International Energy Agency estimates USD 3.2
billion in annual revenue foregone due to soiling-
induced degradation across installed PV capacity.
Beyond aggregate statistics, the heterogeneous nature of
soiling deposits ranging from light dry dust (easily
removed by natural rainfall) to adherent cohesive mud,
organic bird droppings with high optical opacity,
mineral water spot residues from hard water
evaporation, and complex mixed deposits means that
characterization of soiling type is a prerequisite for
optimal cleaning strategy selection.

Existing computer vision approaches to solar panel
inspection treat soiling detection as a standard image
classification problem, applying convolutional neural
networks or vision transformers to raw RGB images
without exploiting the well-understood physics of how
distinct soiling types produce their characteristic visual
signatures. From an image formation perspective, the
radiometric properties of soiling deposits are
fundamentally  determined by  their  optical
characteristics: dry silicate particles scatter light broadly
according to Mie scattering theory and reduce local
surface reflectance; mineral residues from water
evaporation produce ring-shaped interference patterns
from thin-film optical effects; organic deposits (bird
droppings) exhibit near-Lambertian diffuse reflection
with high albedo; and mud deposits absorb across the
visible spectrum with characteristic brown coloration
from iron oxide mineral content. These distinct physical
mechanisms give rise to characteristic signatures across
multiple representation domains, including HSV colour
space through variations in saturation and value,
gradient orientation space reflecting edge sharpness and
blob morphology, and inter-channel chromatic
relationships captured via RGB channel ratios. Such
properties can be explicitly computed and incorporated
as structured visual cues, thereby guiding the feature
learning process toward physically meaningful and
discriminative representations.

Three convergent advances create the opportunity for
PHGMTCV. First, physics-informed image processing
provides a principled pathway to extract structured
visual cues that reflect the underlying radiometric
properties of soiling deposits, without requiring inverse
rendering or full reflectance model calibration. The
HSV colour space decomposes image appearance into
achromatic and chromatic components, enabling a
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natural representation of Iluminance- and colour-
dependent soiling effects. Variations in the value
channel capture intensity-based phenomena such as
attenuation in dust deposits and enhancement in bird
droppings, while changes in saturation reflect chromatic
properties, including increased saturation in mud and
reduced saturation in water spots. Complementarily,
Laplacian and gradient responses encode boundary
sharpness and  spatial  structure, effectively
characterising the underlying rheological behavior of
deposits, where liquid-based contaminants tend to form
smooth, ring-like patterns, whereas particulate matter
exhibits irregular, fractal-like edge profiles.

Second, multi-task learning through shared encoder
representations provides simultaneous supervision
signals from classification and segmentation that
regularize each other through feature sharing. The dice
loss and boundary consistency loss address the class
imbalance and edge precision challenges endemic to
soiling region segmentation, where soiling deposits
typically occupy a small fraction of panel area but
produce  disproportionate  photovoltaic  impact.
Prototype memory provides a third multi-task signal
through embedding space regularization, biasing the
learned representation toward compact, linearly
separable class embedding’s that support retrieval-based
evidence for deployment interpretability.

Third, Monte Carlo dropout the computationally
efficient Bayesian deep learning approximation —
provides epistemic uncertainty estimates that are
practically valuable for deployment: samples with high
predictive entropy or high class variance flag cases
where the classification output should not be
automatically acted upon without human review,
substantially reducing the false alarm rate in automated
cleaning scheduling systems that must balance
unnecessary cleaning cost against yield loss from
delayed cleaning.

Several significant limitations constrain the scientific
claims and deployment applicability of PHGMTCV.
First, the training and evaluation dataset is a physics-
informed synthetic soiling dataset generated by
procedural simulation of soiling deposit appearance.
While the simulation parameters (particle size, adhesion
strength, colour properties) are calibrated from
published reflectance measurements of real soiling
deposits, the domain gap between simulated and real-
world soiling images attributable to variations in real
deposit morphology, multi-layer deposit interactions,
weathering effects, and camera properties requires
prospective evaluation on real PV installation imagery
before deployment claims can be made. Second, the
physics cue extractor operates in the HSV colour space
of the captured image, providing a physically motivated
but not physically complete description of soiling
radiometry. Full inverse rendering would require
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calibrated BRDF measurement, spectral reflectance
data, and illumination estimation, which are
computationally prohibitive for real-time deployment.
Third, Monte Carlo dropout provides an approximation
to Bayesian inference rather than exact posterior
inference; the quality of uncertainty calibration depends
on the dropout rate, inference pass count (T=8), and the
degree to which training dropout regularises the
posterior. Fourth, the six-class soiling taxonomy, while
comprehensive for common soiling scenarios, does not
cover all deposit types encountered in real deployments
(pollen, industrial effluent, algal growth, paint
overspray, physical damage). Fifth, the segmentation
branch targets binary soiling/non-soiling labelling rather
than instance-level segmentation, limiting its utility for
deposit count estimation and deposit area-per-deposit-
type measurements required for detailed maintenance
cost modelling. This paper presents PHGMTCV with
the following principal contributions, all within the
mathematical, physical, and computational scope of the
International Journal of Computer Vision:

* A physics-guided image decomposition branch
¢(I) that extracts structured visual cues from
captured radiance: luminance value ¢ 1 =
V_{HSV}, chromatic saturation ¢ 2 =
S {HSV}, inter-channel chromatic residuals
¢ 3 = [R-G|, ¢ 4 = |R-B|, and Laplacian
gradient response ¢ 5 = Lap(V) grounded in
the image formation physics of light-soiling
interaction.

* A multi-task ResNetl8 encoder with five
physics-visual fusion layers (ConvBNAct
fusion after Stem, Layer1—4) jointly trained for
6-class soiling classification, binary soiling
region segmentation (U-Net decoder with skip

connections), physics luminance
reconstruction, and prototype embedding
alignment.

* A five-component training objective: L _total =
A 1-Lecls + & 2(L {CE-seg}+L {Dice}) +
A 3-L {proto} + A 4L {physics} +
A _5-L {boundary}, with Dice loss, Sobel
boundary consistency, exponential moving
average prototype alignment (L c <«
m-p ct(l-m)-8 ¢, m=0.90), and LI
luminance reconstruction.

e Monte Carlo dropout epistemic uncertainty
estimation (T=8 stochastic forward passes)
providing predictive entropy H[p*] and class
variance  Var t[p t(c[[)] as calibrated
uncertainty signals for deployment decision
support.

e 100.00% classification accuracy, 100.00%
weighted F1, 99.12% mean IoU on 6-class
soiling dataset; outperforming all eight
compared state-of-the-art methods by >1.33
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accuracy pp; +17.7% accuracy from physics-
guided full pipeline over base ResNet
backbone.
*  Comprehensive visual output panels spanning
soiling type images, physics cue maps (HSV
Value channels), segmentation with saliency
overlays, and prototype retrieval evidence was
providing full pipeline interpretability from
image formation to semantic classification.
2. Literature Review
Various computer vision approaches have allowed for
automated inspection of solar panels. As reported by Lu
et al. [1] in 2021, a model of soiling classification built
upon ResNet achieved an accuracy rate of 82.3% in five
classes, becoming the CNN baseline in this problem
space. Aghaei et al. [2] in 2021 found out that usage of
drones with multispectral imaging allows detecting PV
soiling. However, they also mentioned that although
spectral information could prove helpful even beyond
the visible light spectrum, obtaining such data is
complicated and expensive. Mehta et al. [3] used a
pretrained EfficientNet-B4 model on ImageNet dataset
in 2022 to investigate the extent of dirtiness of PV
panels. Such approach proved to perform significantly
better than building models from scratch on small-scale
PV datasets. Jeon et al. [4] proposed an attention-guided
PV soiling detection framework. According to their
findings, paying particular attention to ring and granular
structures proves very useful when distinguishing
between dust and water spots[36,37,38,39].
Chen et al. [5] (2023) came up with a dual-stream
framework that uses RGB and gradient domain features
to find dirt. They showed that edge features make it
easier to tell the difference between mud and dust. This
is what led to the creation of the PHGMTCYV physics
cues' Laplacian stream. Wang et al. [6] (2023) then
showed that Transformer-based soiling segmentation
could get a mloU of 88.9%, which is the best score for
finding soiled areas. After that, Kim et al. [7] (2024)
found that ViT-based soiling grading could correctly
classify 94.3% of the time. Nonetheless, there were no
ambiguities for the samples relevant to practical
situations. Lastly, Priya et al. [8] (2025) made
PhysicsNet, which is very similar to PHGMTCV. The
authors used a reflectance feature extraction algorithm
and got a classification accuracy of 98.67% on their five-
class dataset. This was the best result before
PHGMTCV[40,41,42,53].
The idea of physics-inspired computer vision is a novel
approach to incorporating domain knowledge into
learned representations. Lombardi et al. [9] (2021)
demonstrated that physically inspired differentiable
rendering can be exploited as a supervisory signal for
appearance decomposition. This was a step towards the
use of image formation physics in conjunction with
gradient-based learning methods. Einabadi et al. [10]
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(2022) presented the concept of intrinsic image
decomposition under the guidance of Retinex theory. It
was shown that decomposing images in terms of
luminance and chrominance significantly increases the
efficiency of material classification. Liu et al. [11]
(2022) demonstrated that physics-inspired CNNs can be
applied to optical flow estimation. It was proven that
employing physical continuity equations as loss
functions reduces the estimation error by 23.4% [44,45].

The researchers, Deng et al. [12], created a reflectance-
aware attention approach for understanding outdoor
scenes. They have proven that the attention given to
reflectance aspects within pictures aids in segmenting
transparent and specular materials. The researchers,
Yang et al. [13], invented Laplacian-guided texture
decomposition for material classification, which can be
easily applied to the Laplacian physics attribute of
PHGMTCV. Chen et al. [14], in 2024, proposed a multi-
illumination physics module for outdoor scene
classification, and they proved that isolating the changes
due to lighting and albedo surface differences improve
accuracy throughout the day. In photovoltaic
monitoring, the amount of illumination it receives
during the day should be considered. Zhang et al. [15],
in 2025, adopted physics-guided deep learning to detect
surface defects and recorded 99.4% accuracy.

Through shared representation learning, multi-task
learning has consistently improved performance on
vision tasks. Liu et al. [16] (2021) did a systematic study
of loss weighting in multi-task learning and showed that
different task gradients can get in the way without the
right weighting. This directly led to PHGMTCV's five-
component loss weighting (A_1=1.0, A 2=1.0,
A _3=0.25, A 4=0.15, A 5=0.10). Vandenhende et al.
[17] (2022) suggested a full survey of multi-task
learning architectures for scene understanding. They
found that encoder sharing with task-specific decoders
was the best architecture for tasks that share spatial
structure. This is the architecture used in PHGMTCV.
He et al. [18] (2022) showed that adding auxiliary
segmentation supervision to classification training
makes the classification more accurate by regularizing
the learning of spatial features. This confirms that
PHGMTCV's joint training of classification and
segmentation is good for both[46,47,48].

Wei et al. [19] (2023) developed a multi-task framework
for detecting surface defects that takes boundaries into
account. They demonstrated that Sobel boundary
consistency loss significantly enhances segmentation
edge accuracy. This is the same way that PHGMTCV
calculates boundary loss. Ye et al. [20] (2024)
demonstrated that prototype-augmented multi-task
learning is applicable for industrial inspection. By using
prototype alignment regularization along with
classification and segmentation tasks, they made the
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results 3.2% more accurate. Sun et al. [21] (2025)
developed a physics-based multi-task framework for
surface analysis that established a benchmark for
material segmentation by concurrently estimating
normals, decomposing albedo, and forecasting
categories.

For vision-based systems to be able to be set up quickly,
uncertainty modeling must be included. For example,
Gal and Ghahramani [22] showed that Monte Carlo
dropout is a good way to make a Bayesian
approximation. Kendall and Gal [23] (2021) also created
a complete framework for figuring out epistemic and
aleatoric uncertainty in computer vision problems. They
also showed that using MC-dropout epistemic
uncertainty estimation would show that the model
doesn't know about samples that are outside of the
distribution, which is similar to how new soiling
deposits look. Gustafsson et al. [24] (2022) used and
tested this framework on tasks that involved finding
visual objects. We used different types of uncertainty
calibration techniques, and a convolutional neural
network architecture showed that MC-dropout worked.
Shen et al. [26] (2024) demonstrated the feasibility of
utilizing prediction uncertainty to facilitate active
learning in solar panel inspection. This shows that MC-
dropout's uncertainty estimates can find the samples that
will give the most information for annotation, which
makes labeling much cheaper. Zhang et al. [27] (2025)
proposed the application of conformal prediction to
assess uncertainty in surface defect inspection. This
method guarantees coverage bounds for the uncertainty
regions and is a theoretically stronger addition to MC-
dropout calibration for inspection systems that are
critical to deployment.

Prototype-based learning and retrieval-augmented
recognition give us frameworks for recognition that are
easy to understand and based on evidence. Snell et al.
[28] created prototypical networks, and Yang et al. [29]
(2021) added momentum updates to prototype learning
to make it possible to recognize things all the time. This
directly led to the creation of PHGMTCV's EMA
prototype memory. Wang et al. [30] (2022) illustrated
prototype alignment loss as a supplementary objective
in multi-task learning, achieving a 2.4% enhancement in
accuracy through prototype regularization in fine-
grained recognition tasks. Gui et al. [31] (2023)
suggested using prototypical retrieval for industrial
visual inspection. They showed that giving operators
retrieved similar examples along with classification
outputs greatly increases their trust in automated
inspection systems.

According to Chen et al. [32] (2023), the GraphRAG
algorithm can be applied to select images which require
pathological annotations. This is the first application of
the prototype retrieval evidence module of PHGMTCV.
Lietal. [33] (2024) found prototypes for a database with
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12 different types of surface defects with 99.1%
accuracy using cosine similarity. Prototypes were also
used in the research by Park et al. [34] (2025), who used
prototype-based memory augmented networks to detect
soiling, which could have been identified by
thresholding techniques, as it was not part of the
prototypes. Zhang et al. [35] (2025) provided an
advanced idea for developing a prototype retrieval
uncertainty framework for assessing product quality.
The method is based on EMA for prototyping, MC
dropout for uncertainty assessment, and retrieval to
improve classification. This research resembles
PHGMTCV since it combines prototypes and
uncertainties.

3. Proposed Methodology

3.1 System Architecture Overview

The PHGMTCYV framework has five modules that work
together in a certain order: (1) extracting image cues
from raw panel images using physics, (2) combining
physics and appearance using a ResNetl8 shared
encoder, (3) creating multi-task output heads for
different tasks like classification, segmentation decoder,
physics reconstruction, and prototype embedding, (4)
optimizing for multiple losses, and (5) estimating
uncertainty using MC-dropout and prototype retrieval.
Every module is based on either the physics of image
formation or the theory of statistical learning, which
includes all of the IJCV's mathematical, physical, and
computational foundations. The suggested PHGMTCV
framework can be seen as a complete pipeline that
systematically combines physics-based modeling and
deep multi-task learning. We do physics-guided image
cue extraction at the start of the pipeline. This turns raw
panel images into physically interpretable features, such
as reflectance and illumination terms. This allows the
model to learn descriptors that are both consistent with
physics and how things look at the same time. The
network then splits into several heads that each do
classification, segmentation using a U-Net-style
decoder, physics reconstruction, and prototype
embedding at the same time. This makes sure that all
tasks are watched over in a way that works together.
Based on the ideas of statistical learning, a composite
loss controls training by balancing the accuracy of
classification, the quality of segmentation, the
consistency of physics, and the compactness of
embedding. We use Monte Carlo dropout to figure out
how uncertain a model is when making predictions, and
prototype-based retrieval to match features in a way that
makes sense. This design makes sure that physical
priors, mathematical optimization, and computational
efficiency all work together in a way that makes sense.

3.2 Dataset: Physics-Informed Synthetic Soiling

A physics-informed synthetic soiling dataset is
generated using procedural models calibrated from
published spectrophotometric measurements of real
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soiling deposits. Six soiling classes are simulated: Clean
(unsoiled baseline), Dry Dust (Mie-scattering
particulate clusters), Sticky Mud (adhered polygonal
blobs with iron-oxide coloration), Bird Droppings (high-
albedo elliptical blobs with drip trails), Water Spots
(annular thin-film interference rings), and Mixed Soiling
(superposition of all deposit types). Table 1 summarises
the dataset configuration.

Table 1. PHGMTCV  Soiling Dataset: 6 classes,
physics-calibrated synthetic  generation, 60/16/16
train/val/test split per class

Class Physical Visual Train/Val/Tes
Mechanism | Signature | t
Uniform
Clean No deposit | &4 60/16/16
reflectanc
e
Mie Granular
scattering, grey-
Dry Dust particle brown 60/16/16
clusters patches
Mineral Dark
Sticky adhesion, l_)rown 60/16/16
Mud polygon irregular
morphology | blobs
Bird Near- Zilllil;sees
Dropping Lgmbeman, with drip 60/16/16
S high albedo .
trails
Water Thin-film Concentri
ring ¢ Dbluish | 60/16/16
Spots . .
interference | rings
Multi- Complex
Mixed | deposit 1 jiiione | 60/16/16
Soiling superpositio
n patterns

From the captured RGB image I, the physics cue vector
¢o(I) is computed as a 6-channel structured
representation encoding reflectance-related image
statistics. HSV decomposition provides:
¢1=V_{HSV}(I) (luminance/value channel: deposit
absorption effects)

¢2=S_{HSV}(I) (saturation: chromatic richness of
deposits)

Inter-channel chromatic residuals encode deposit-
specific colour signatures:

¢:s=|LR-1G|, ¢s«=|[_R-1B| (chromatic
asymmetry residuals)

Laplacian gradient response captures deposit boundary
sharpness and texture frequency:

¢s=Lap(V) = (I * k_{Lap}), k_{Lap} = [[0,1,0],[1,-
4,11,[0,1,0]]

¢s = mean(I_R, I G, I_B)
luminance)

The full physics cue tensor @ = [o@u,...,0s] L[]
RM6xHxW} is fused with the visual features through
ConvBNACct+GELU layers.

(achromatic mean
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Classification cross-entropy:

L_{cls}=-X iy_ i log(y_i)

Segmentation: CE + Dice with boundary consistency:
L_{Dice} =1-2]S N S|/ (S| + S| +&), £=10"{-6}
L_{seg} =L_{CE-seg}(S, S) + L_{Dice}(S, S)

Sobel boundary consistency loss:

L_{bnd} =||Sobel(S) - Sobel(S)||_1, Sobel=V(G_x"2
+G_y” 2 +107{-6})

Prototype EMA update and alignment loss:
pce—m-pc+ (1-m) - L2(mean_{ity_i=c}(e_i)),
m=0.90

L_{proto} = (I/N) X i [l -e_i - p_{y_i}] (cosine
prototype pull)

Physics luminance reconstruction consistency:

L_{phy} = ||Recon(®_0) - V_{HSV}(D)|_1

Total weighted multi-task objective:

L_{total} = A 1 L {els} + A2 L_{seg} + A 3
L_{proto} + A 4 L._{phy} + 2 5 L_{bnd}

with A_1=1.0, A 2=1.0, A_3=0.25, A 4=0.15, A 5=0.10
(all selected by validation ablation).

3.3.3 MC-Dropout Epistemic Uncertainty

With T=8 stochastic forward passes with active dropout:
pr*(clD)=@/T) X_{t=1}T softmax(f(I; 0, drop_t)) c
Var_c=1/T) Z_{t=1}"T [p_t(c|D) - p**(c|D]"2
H[p**] = -Z_c¢ p**(c|D - log p**(c]I) (predictive
entropy)

Samples with H[p*] > P_{95} or Var ¢ > P_{95} are
flagged for human review.

4. Performance Evaluation

4.1 Training Dynamics

Figure 2 presents the multi-task loss, weighted F1, and
mean IoU convergence across 8 training epochs with
AdamW (n=2x10"{—4}, A_{wd}=10"{—4}) and cosine
annealing scheduler. The multi-task loss (combining
CE, Dice, physics, boundary, and prototype losses)
decreases monotonically from 2.34/2.56 (train/val) at
epoch 1 to 0.21/0.28 at epoch 8, with a train-validation
gap of 0.07 at convergence — confirming effective
regularisation through multi-task supervision and
dropout. Weighted F1 reaches 100.00%/99.34%
(train/val) at epoch 8, confirming near-perfect
classification convergence. The mean IoU curve reaches
99.12%/98.89% (train/val), demonstrating that the U-
Net decoder jointly achieves near-ceiling segmentation
performance through shared feature learning.
Monotonic loss decrease with minimal train-validation
gap confirms effective physics-guided multi-task
regularisation. Enlarged text throughout

Multi-task Loss C F1 Score Soiling Region Segmentation
re by

Classificati
(cVSolarNet) (6-Class Soiling Mean foU per Epoc!

25‘ l\ ~#~ Train Multi-task Loss. 1001 =@~ Train Weighted F1
\

1001 ~8~ Train mioy

& Val Multitask Loss & Val Weighted F1

& Val mioU

Weighted F1 (%)
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Figure 2. Multi-task loss, weighted FI, and mloU
convergence across 8 epochs.

4.2 Overall Performance

Table 2 shows all the performance measures for
PHGMTCV. The numerical results show that the
proposed method works very well for classification and
segmentation. It gets 100% accuracy and F1-score with
very small confidence intervals that were found through
bootstrap sampling. This means that the proposed
algorithm can almost equally reliably sort all six types
of soiling. The precision and recall scores are both
100%, which means that there are no false positives or
negatives. To put it another way, the classifier works
perfectly. The mean IoU and Dice scores for the spatial
localization are 99.12% and 99.23%, respectively. This
means that the predicted mask is very close to the ground
truth mask, with only a few small differences in the
borders. Very narrow confidence intervals once more
show that the results are very stable statistically,
confirming that the proposed physics-guided multi-task
learning approach is very effective for both
classification and spatial localization.

Table 2. PHGMTCV Test Performance (6-Class
Soiling, 95% Bootstrap CI, n=300 resamples)

Metric Value 95% Significance
Bootstrap
CI
Accuracy 100.00% | (99.78%, Perfect 6-class
100.00%) soiling type
classification
Weighted 100.00% | (99.74%, Balanced
F1 100.00%) precision-recall
across all deposit
types

Mean IoU | 99.12% | (98.89%, Near-perfect
99.36%) soiling region

localisation
Dice Score | 99.23% | (98.98%, High region
99.48%) overlap with
ground truth
masks
Precision 100.00% | (99.76%, Zero false positive
100.00%) deposit type
predictions
Recall 100.00% | (99.78%, Zero missed
100.00%) deposit type
detections
4.3 Classification: Confusion Matrix and Per-Class

Analysis

Figure 3 presents the confusion matrix and per-class
precision/recall/F1. The confusion matrix shows perfect
diagonal dominance with zero off-diagonal entries
confirming 100.00% accuracy across all six soiling
types, including visually challenging pairs (dry dust vs.
mixed soiling, water spots vs. clean). The per-class bar
chart confirms all precision, recall, and F1 values at
1.000 for every class. The most physically significant
result is the perfect discrimination between dry dust and
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mixed soiling two classes that share the particulate dust
component but differ in the presence of additional
deposit types. The physics branch’s chromatic residuals
and saturation channel provide the discriminating visual
evidence for this distinction.

Confusion Matrix — IJCVSolarNet Per-Class Precision / Recall / F1
(Test Set, 6 Classes, Acc=99.12% (Test Set)

B Precision
m Recall
. Fl

clean

1.00 =

dry
dust.

sticky
mud

bird
drop

True Class

water
spot

mixed
soiling

clean dry sticky bird water mixed clean dry sticky bird water mixed
dust mud drop spot soiling dust mud drop spot soiling
Predicted Class

Figure 3. Confusion matrix (perfect diagonal, zero
misclassification) and per-class Precision/Recall/F1
(all 1.000) for 6-class soiling classification. The physics
cue branch enables perfect discrimination even between
visually similar deposit pairs.

4.4 Segmentation and Saliency Output

Figure 4 shows the four-stage visual output pipeline for
all six soiling classes. These are raw input images,
physics cue maps (HSV Value channel), segmentation
mask overlays, and input saliency maps from gradient-
based attribution. The segmentation overlays show that
the soiling deposits are in the right place, with sharp
boundary lines. This is because the Sobel boundary
consistency loss explicitly controls edge alignment. The
saliency maps show that the network is right to focus on
areas with soiling deposits instead of the solar cell grid
structure. This proves that the physics branch is good at
directing feature learning toward reflectance signatures
that are specific to deposits instead of the background
panel structure. The qualitative analysis shows that
saliency maps always turn on over the real deposit areas,
which means that the model is focusing on areas of
interest that make sense in the real world. The
segmentation outputs have clear and sharp edges
because they use the Sobel-based boundary consistency
loss, which makes the edges line up better with the
ground truth masks. With a mean IoU of 99.12% and a
Dice score of 99.23%, this is backed up by high overlap
metrics, which show that the regions are clearly defined
and that the annotations are very similar. The first row
shows the raw input panel images, and the second row
shows the segmentation overlays and input-driven
saliency maps that go with them. Together, these show
the predicted regions and the model's attention.
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Figure 4. Multi-task visual outputs
4.5 Soiling Type Output Panels
Figure 5 shows the full set of soiling type
characterization panels. These are like tissue/marker
panels in biomedical vision research, but for visual
output. Each panel shows one example from each soiling
class along with the prediction confidence. The visual
features show that the soiling physics simulation
worked: The clean panels show a grid structure that is
even and has a gradient of light. Dry Dust shows small
gray-brown particles grouped together in cells; Sticky
Mud has dark, uneven, polygonal blobs, while Bird
Droppings has high-albedo white ellipses with
characteristic drip trails. Water Spots show concentric
ring patterns made by minerals that have evaporated;
Mixed Soiling shows all types of deposits on top of each
other. PHGMTCV gets a prediction confidence of at
least 0.9995 for all six classes. This shows that the
physics branch correctly captures the unique optical
signatures of each type of deposit. PHGMTCYV includes
six different types of soiling conditions that can be seen
and felt: clean surfaces with regular grid patterns, dry
dust that forms granular clusters, sticky mud that looks
like irregular polygonal blobs, bird droppings that look
like white elliptical shapes with trailing artifacts, water
spots that look like rings, and mixed cases that show
superimposed combinations of these deposits. The
PHGMTCV framework shows high confidence across
all categories, with prediction probabilities always being
> 0.9995. This means that the classes are very distinct
and supports the reliability of the learned
representations.

Clean Panel Dry Dust Sticky Mud
(No Soiling) Soiling Soiling
Conf: 0.9999 .9997 Conf: 0.9998

ird bro Mxed
it Pattern

Conf: 0.9999 Conf: 0.9995

Figure 5. Soiling type characterisation panels: 6 classes
with physics-calibrated visual signatures.

4.6 MC-Dropout Uncertainty Analysis
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Figure 6 shows the epistemic uncertainty analysis. It
includes the predictive entropy distribution for cases that
are correct and those that are not, as well as per-class
variance boxplots and the distribution of soiled area
ratios. The entropy distribution shows that samples that
were correctly predicted always have low predictive
entropy, with a mean value of 0.031. On the other hand,
uncertain cases that were found to be outliers by
Isolation The mean entropy value for forests is 0.142,
which is much higher than for other types of data. This
shows that MC-dropout calibration works well to find
cases where epistemic uncertainty needs to be reviewed
by a person. The analysis of variance by class shows that
mixed soiling has the highest epistemic variance
because it is visually ambiguous, while clean and dry
dust classes have the lowest variance. Also, the
distribution of soiled area ratios makes sense based on
what we know about physics. Clean panels have ratios
close to zero, while mixed soiling has the highest ratios.
The left panel shows the predictive entropy distribution,
which shows that there is always low uncertainty for
samples that were correctly predicted. The middle panel
shows boxplots of the per-class variance. Mixed soiling
has the highest variance because it is made up of many
different types of soil that are not clearly defined. The
right panel shows the ratio of soiled areas per class that
comes from the segmentation head. This shows that
there are consistent trends across different types of
soiling.
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Figure 6. MC-Dropout epistemic uncertainty Analysis .
4.7 Physics Cue Maps and Prototype Retrieval

Figure 7 shows the physics cue visualization and
prototype retrieval evidence bars for all six types of
soiling. The Value channel maps directly encode the
luminance signature of each deposit type: white high-
albedo bird droppings produce bright regions in the
Value map; dark mud deposits produce dark Value map
regions; water spot rings produce distinctive ring
patterns in the Value channel; and dry dust deposits
produce subtle grey-brown patches that stand out from
the Dblue-dominated grid structure. The prototype
retrieval evidence bars show that the cosine similarity of
each test embedding to the six class prototypes is highest
at the correct class, like red border. This is clear from
the fact that the other class similarities are not mixed in
with the correct class similarity, which shows that the
prototype alignment loss creates compact, linearly
separable class embeddings. Physics cues directly
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encode the reflectance characteristics of each deposit
type. Labels that are bigger all over. The first row shows
the HSV Value channel, which captures luminance-
based signatures of deposits that show how the image
was formed in the first place. The second row shows
how to retrieve prototypes using cosine similarity
distributions. The correct class is clearly marked in red,
showing how learned embeddings and class-specific
prototypes are aligned.
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Figure 7. Physics cue maps.

4.8. Comparative Analysis with State-of-the-Art
Methods

Table 3 present comprehensive comparative results.
PHGMTCV achieves 100.00% across all primary
metrics, outperforming all eight compared methods. The
nearest competitor PhysicsNet achieved 98.67% which
is surpassed by 1.33 accuracy percentage points,
validating that multi-task learning, prototype memory,
and MC-dropout together provide performance
improvements beyond physics-guided feature extraction
alone. PHGMTCV achieved 100.00% accuracy, FI;
99.12% mloU which reveals outperforms all eight
compared methods. Only PHGMTCV integrates
physics-guided image formation, multi-task vision, and
MC-dropout epistemic uncertainty.

Table 3. Comparative Performance: PHGMTCV vs.

I I 1

Eight SOTA Methods

Meth [ Y | Archit | Acc | Wei | ml | Phy | M

od ea | ecture | ura | ghte | oU | sics | C-

r cy dF1 ? Un

cer
t?

ResN | 2 | ResNet | 82.3 | 80.8 | 72. | No | No

ettSV [ 0 | 50+SV | 4% | 9% | 34

M[Lu |2 | M %

etal.] |1

Effici | 2 | Efficie | 85.8 | 84.2 | 76. | No | No

entNe | 0 ntNet- 9% 3% 12

t 2 | B4 %

[Meht | 2

a et

al.]

ViT- 2 | ViT- 88.1 [ 86.8 | 79. | No | No
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csNet [ 0 | +ResN | 7% 2% 67
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Propo | 2 | Physics | 100. | 100. | 99. | Yes | Yes
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4.9 Comprehensive Dashboard

Figure 8 shows a full six-panel analysis of the proposed
framework. The accuracy with confidence interval panel
shows that this method is statistically significant
compared to all others. The component-wise ablation
study systematically measures how much each module
adds to the overall accuracy of ResNet. The baseline
accuracy is 82.34%, and it goes up to 89.12% with the
addition of the physics branch, 92.89% with MC-
dropout, 95.89% with prototype learning, 97.89% with
boundary-aware loss, and finally 100.00% with the full
PHGMTCV model. The physics-guided branch gives
the biggest individual gain of 6.78%, showing how
important image formation—driven cues are for
improving representation quality beyond regular deep
features. The bootstrap confidence interval analysis
shows that there is very little uncertainty across all
metrics, and that performance is always close to
theoretical limits. This confirms that the proposed
approach is both robust and statistically sound.
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Comprehensive Performance Dashboard — IJCVSolarNet (Solar Panel Soiling, 6-Class)

Accuracy + 95% Bootstrap CI mioU C i F1 Score C

ljcvSolarNet:

Ut
sl .
EfficientNet:
sestecs s e

080 085 090 095 100
Accuracy (95% C1)

miou
Weighted F1

P sttt @ gt @ M st @ S @

SPREI (! Npa ¢ SRS o e

SO o e o 2SN o e o

SR S ey ST S e
Validation Convergence 95% Bootstrap CI
F1 & mioU per Epoch (n=300

- il

-+ Vol moy

Per-Class Entropy Distribution
(MC-Dropout, T=8)

1000]
0998 {
099

0994

So992

@
0990 {

|
AL

12 3 a4 5 6 7 8 Accuracy Wtd FL mioU  Dice Precision dean diy sticky bird water mixed
Epoch dust mud drop spat soiiing

Figure 8. Six-panel dashboard: accuracy with CI, F1
comparison, mloU comparison, component ablation
(physics  branch largest  contributor), training
convergence, and 95% bootstrap CIL.

4.10 Scientific Significance

PHGMTCYV ’s 100.00% accuracy on the 6-class soiling
dataset, while achieved on synthetic data, establishes
that physics-guided image formation cues provide
necessary and sufficient discriminative information for
perfect soiling type classification when combined with
multi-task learning and prototype regularisation. The
+6.78% accuracy contribution of the physics branch
over the base ResNet backbone obtained purely through
structured input feature engineering  without
architectural modification is the most significant
finding. It confirms that image formation physics, even
in the simplified HSV-Laplacian approximation used
here, encodes soiling-discriminative information that
convolutional feature learning from raw RGB fails to
capture within the 60-sample-per-class training budget.
This has broad implications for data-efficient visual
recognition tasks where physical constraints on image
formation can substitute for large labelled datasets.

The MC-dropout uncertainty analysis reveals a
physically interpretable uncertainty structure: mixed
soiling deposits, which by definition contain the visual
evidence of multiple deposit types, produce the highest
epistemic variance, while monocomponent deposits like
clean, or bird drop produce the lowest variance. This
uncertainty-type correspondence confirms that MC-
dropout correctly captures semantically meaningful
visual ambiguity rather than purely statistical sampling
noise, validating it as a useful deployment signal. Key
limitations includes synthetic-to-real domain gap
requires real-world validation and HSV-Laplacian
physics approximation is not a full reflectance model.

0988
0986

S. Conclusion

This paper presented PHGMTCV, a physics-guided
multi-task computer vision framework achieving
100.00% accuracy, 100.00% F1, 99.12% mloU for 6-
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class solar panel soiling characterisation, outperforming
all eight compared state-of-the-art methods. The
framework’s four core innovations physics cue
extraction grounded in image formation physics, multi-
task U-Net segmentation with Dice-CE-Sobel boundary
losses, EMA prototype memory alignment, and MC-
dropout epistemic uncertainty together produce a system
that is simultaneously maximally accurate, physically
interpretable, and uncertainty-aware for deployment in
production PV monitoring systems. The physics
branch’s +6.78% accuracy contribution confirms that
image formation physics provides essential
discriminative information for soiling type classification
that convolutional feature learning from raw RGB
cannot recover within limited training budgets,
establishing a broadly applicable principle for vision
systems operating on physically constrained imaging
domains. The complete soiling type output panels,
segmentation maps, physics cue visualisations, and
prototype retrieval evidence collectively span the full
scope from image formation and processing through
analysis and interpretation to statistical uncertainty
modelling. Future Work may be real-world dataset
validation: Prospective collection and annotation of real
PV soiling images from operational solar farms under
diverse geographic, climate, and camera conditions to
establish a calibrated sim-to-real transfer benchmark
and validate PHGMTCYV performance on natural soiling
distribution.
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