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As technology has increased, energy demand has also increased. Conventional methods of producing energy also produce
harmful byproducts that damage the environment. Due to this issue, people have turned to renewable energy sources like solar
power as an alternative. However, few consider the environmental impact of these solar panels. Most studies evaluate the
production and economic potential of solar panel sites rather than their ecological effects. This study attempts to address this
problem by developing a convolutional neural network (CNN) to assess the environmental suitability of solar panel locations.
This paper is an observational and cross-sectional study that focuses on the Midwest United States. After preprocessing the
three-channel input, the model consists of 3 convolutional blocks, each with 2 convolutional layers. The model is then trained
and tested to ensure accuracy. Results-wise, evaluation metrics like accuracy, recall, and precision ranged from ~0.95 to
~0.99. This demonstrates that the CNN can successfully reproduce a heuristic ecological suitability framework derived from
environmental layers. However, since the labels are not independent ecological evidence, the model should be interpreted as a
rule-distillation framework rather than validated ecological suitability. Additionally, future research can add temporal data or
baseline models to improve the CNN.
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Introduction stretches of land. This can cause habitat fragmentation and
soil disturbance. Additionally, these installations can disturb
According to the U.S Energy Information Administration natural wildlife. For example, solar farms have reflective sur-

(EIA), in 2024, electric power generation released 1,427 mil-  faces. These surfaces can act as an illusion of water, alter-
lion metric tons of carbon dioxide'. Carbon dioxide is a com- ing animal behavior®. While this alteration isn’t inherently
pound that may not be toxic to humans, but it is a major con- harmful, it can cause a chain reaction of disturbances to mi-
tributor to global warming. For this reason, many countries  gration and other vital animal habits. Furthermore, such fa-
have begun to seek out more renewable energy sources to pre- cilities can increase the risk of flying creature collisions and
vent irreparable environmental damage. According to the In- burn injuries3. Therefore, it is paramount to evaluate the lo-

ternational Energy Agency (IEA), solar power is expected to cation of panel installations to ensure that the environmental
expand significantly within the next five years?. As solar PV disturbance will be minimal.
cells become more prevalent, it is important to evaluate their
possible implications carefully. While a more reliable and
widespread renewable energy source can lead to vast improve-
ments to the environment through the reduction of emissions,
there may also be negative environmental consequences. To
evaluate and minimize these consequences, spatial machine
learning can be implemented. However, current solar site se-
lection models mainly focus on energy production and eco-
nomics rather than ecological impacts.

Changes to the natural ecosystem can cause unseen ripple
effects to the nearby flora and fauna. Solar PV installation,
specifically that of the utility-level scale, requires extensive

As mentioned before, a possible approach to assessing these
locations is the use of spatial machine learning. Spatial ma-
chine learning is the use of ML algorithms on data that has a
spatial aspect. If comprehensive data is fed into these models,
they can become an automated process to determine the least
environmentally impactful locations of PV cells.

Environmental factors for the model to consider in solar PV
sites are critical habitats, key wildlife areas, and cultivated
land. Critical habitats are imperative to keep in considera-
tion as changes to the ecosystem could become devastating
for at-risk species. Key wildlife areas should be avoided to
cause the least disruption in breeding and migration cycles.
! Westlake High School, Texas, USA Finally, solar panels that are installed in cultivated land can
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have a smaller impact on the environment as the area is already
heavily altered. This model focuses primarily on the Midwest
of the United States, as there is potential for solar expansion,
high biodiversity and ecosystem diversity, and comprehensive,
accessible geospatial data of the area.

This model differs from current solar panel-focused models
as it is centered on the environmental impact rather than pre-
dicting energy or economic viability. Additionally, this model
incorporates spatial cross-validation to ensure accurate results.
This model does contain a few limitations. First of all, the
model is being trained on one specific area, making the global
generalization uncertain. Furthermore, there is no baseline
model to compare with, so efficiency in this specific structure
is not determined. Moreover, temporal data is not included,
and therefore, seasonal and daily changes to climate are not
considered. Finally, the model does not use independently ver-
ified ecological suitability labels for the evaluative formula,
making the framework more of a rule-distillation type than
creating a validated ecological suitability model. This means
the model is trained to reproduce a rule-based framework
rather than directly predict environmental outcomes. This
model was designed to be a CNN with an architecture as seen
in Figure 3. After preprocessing, tile generation, labeling, and
training, locations are evaluated. Future applications of this
model consist of being used as a pre-screening tool for lo-
cations or incorporated into upcoming models. The use of
this model ensures that ecological impacts are evaluated be-
fore any panel is installed.

In conclusion, the research question for this paper is: Can
a multi-channel CNN classify environmentally suitable solar
sites using ecological data? And as mentioned before, this
study was able to design a CNN model to accurately evaluate
locations.

Literature Review

Traditional geographic information system (GIS) based solar
site selection typically incorporates spatial analysis such as
Multi-Criteria Decision Making (MCDM) and weighted over-
lay, to decide on optimal solar panel farm locations. GIS al-
lows for the layering of multiple factors to support decision-
making and has recently increased in popularity.

For instance, Gigovi¢ et al.’s study created a hybrid GIS-
MCDA-MABAC model to discover the most optimal loca-
tions for wind farms based on 11 selection criteria*. His re-
search resulted in the discovery of 321 square kilometers of
suitable land for wind power. Similarly, Anwarzai and Na-
gasaka’s research used a GIS-MCDA approach to determine
the potential for wind and solar energy within Afghanistan by
considering available technology and site conditions, calcu-
lated an annual potential generation of 140,982 GWh from
solar PV cells and 342,521 GWh from wind power5 . Both

studies incorporated a similar architecture to determine opti-
mality and energy generation. Yang initiated a study in China
to determine the potential for large-scale solar power gener-
ation using a GIS-based model®. Likewise, Zhang used Ar-
cGIS technology to predict that Xinjiang Province would be
the ideal location for a large-scale photovoltaic site’.

In South-Central Vietnam, Nguyen’s research created a
GIS-based simulation to identify the optimal site for a solar
farm within South-Central Vietnam®. His study used eight
criteria to decide location: solar radiation, land surface tem-
perature, distance to substation, main road, land use, slope,
residential area, and historical/tourist sites.

In contrast to site-selection, Pojados and Abundo’s study
created a four-stage spatial energy model using GIS and Cost-
Benefit Analysis (CBA) to evaluate the suitability of renew-
able energy®. The framework initially identifies suitable loca-
tions but eventually focuses on assessing the economic viabil-
ity of renewable energy.

Although some of the aforementioned studies do incorpo-
rate a form of ecological factors within the criteria, the fo-
cus of such models remains predominantly on discovering and
evaluating locations for power production and economic via-
bility. For example, while Yang included some environmental
considerations in calculating the potential carbon footprint re-
duction through this project, he does not consider the installa-
tion’s impact®. Similarly, Zhang’s study lacked consideration
of the environmental effects, with the main consideration be-
ing solar energy potential’. And while Nguyen’s model seems
comprehensive in that it considers the factors that determine
power output (solar radiation, temperature, slope, etc) and its
effect on communities nearby (historical/tourist locations, res-
idential area, distance to main road and substation, etc), he
doesn’t incorporate ecological spatial layers, meaning envi-
ronmental consideration is conspicuously absent®. Existing
models seem to mainly prioritize energy output and economic
viability rather than environmental protection.

However, the ecological effect should be considered, as
there can be major environmental impacts with the installa-
tion of renewable energy. Solar energy facilities require a
massive amount of land use, and in areas of high bioden-
sity, this can become problematic'®. Additionally, the land
required for the infrastructure to support such panels can be
around “2.5 times the area of the panels themselves”!'!. Ac-
cording to Gasparatos, the major habitat change that can occur
through installation and preparation is habitat fragmentation,
which becomes prevalent, leading to an impediment to species
movements, which consequently affects predator-prey rela-
tionships, food availability, and hiding places for wildlife'!.
Harmful effects are seen in bat species as well. Results from
a study by Barre indicate that “implementation of solar farms
results in a reduction of habitat quality for bats” !, Addition-
ally, evidence has been presented that solar parks can “alter
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soil prokaryotic and fungal diversity” due to changes in soil
water content!'3. In fact, PV panels can lead to a “decrease
in network stability and an increase in vulnerability” for soil
bacteria 4. This change in microclimate was made evident in
another study by Li, finding that “light intensity, wind flow,
and soil temperature were significantly reduced” in certain ar-

as 13, When analyzing vegetation indices at points near solar
panels, it was found that “solar panels had a negative impact
on the vegetation” '®. This could be in part due to the fact that
the environmental changes that occur due to PV construction
put pressure on seed germination'”.

Effects on plant life can differ based on ecosystem type.
In deserts, panels result in an “increase in vegetation biomass
and a decrease in vegetation diversity”!®. It was also discov-
ered that “shading from solar panels altered the abundance and
timing of floral blooms visited by pollinators”!®. While this
change is not necessarily negative, it does impact the ecosys-
tem. There are also more direct negative effects. According to
Valera, birds are the “main casualties” of photovoltaic plants
due to reasons such as overlap in critical habitat?°. In fact,
studies have found that after installation “Simpson diversity
and Pielou evenness decreases”?!. These negative effects are
further reinforced by a study in the western rangelands. The
study found that solar expansion caused “habitat loss” and “in-
troduced barrier effects” to resident species 22 Furthermore,
a study on projected solar growth in the United States found
a“substantial overlap of projected solar energy development
with high-value land for animal movement”?3. Solar power
production effects aren’t just limited to land. A study on wa-
ter ecosystems states that “primary production of benthic mi-
croalgae in PV is likely inhibited”?*. In addition, water qual-
ity parameters in photovoltaic zones “all exhibited a decrease
compared to non-photovoltaic zones”?>. Moreover, the act of
building solar power facilities “releases CO2 as a result of veg-
etation clearing”?®. Current models must incorporate ecolog-
ical factors into their decision-making for solar site selection
to prevent detrimental effects

Specifically, this study uses a multi-channel convolutional
neural network (CNN). In a study by Akar, a 3D CNN was
found to outperform other machine learning algorithms in the
classification of spatial distribution, with “an 11% advantage”
compared to other versions 27 Moreover, Austin-Gabriel et
al. found “enhance[d] classification” of power plant energy
estimations by pipelining GIS features into a developed CNN
and Vision Transformer?®. Jeong and Kim’s study proposed
a space-time convolutional neural network (CNN) to predict
photovoltaic cell generation within California, New York, and
Alabama?’. Their results indicate that this method improves
accurate forecasting by 33% and reduces error by up to 40%.
Similarly, in a study by Vlaminck, experiments using his de-
veloped CNN had a success rate of over 90% in classifying
and detecting PV defects®?. Since the model made in this

study depends predominantly on similar visual and spatial
data, a CNN is a suitable choice for the framework. The CNN
created is multi-channel to incorporate a holistic amount of
factors for site evaluation. However, this CNN is just a step
towards spatial modeling as it still depends on a set formula
and weights.

This paper addresses the gap in the literature, which is the
lack of consideration of the ecological effects of solar instal-
lation. Moreover, this study creates a novel site classification
model using a deep learning architecture to transition the fo-
cus from primarily economic or productivity to environmen-
tal. With the validation of this paper, sections of the created
model can be incorporated into other frameworks to ensure
that environmental consequences can be evaluated efficiently
without being overlooked. Additionally, the logic behind the
algorithm can be reflected within other areas of the world to
create much of the same effect.

Methods

The study is overall an observational and cross-sectional
study. The area analyzed includes the Midwest United States.
This section was chosen for its high potential in solar power.
The area also has a high ecosystem diversity and comprehen-
sive available data, making it preferable. The independent
variables in this study are critical habitats, key wildlife areas,
and cultivated land. The dependent variable is the suitability
class.

Data Sources

The coordinate system used is that of the KWA raster, where
habitat polygons and CDLS (cultivated land from the Crop-
land Data Layer) tiles were reprojected to match the KWA
CRS. This means that the exact Midwest boundary in which
the model acts on is the boundary of the KWA dataset. This
ensures there is no spatial distortion and the pixels are properly
aligned. It also ensures that there is consistent tile extraction
from each dataset. The data for the Key Wildlife Areas was
sourced from The Nature Conservancy, the data for the culti-
vated land was sourced from the USDA National Agricultural
Statistics Service, and the data for the critical habitats was
sourced from the U.S Fish and Wildlife Service. The areas in-
cluded in the KWA are whooping crane stopover sites, threat-
ened/endangered species, water/wetlands, protected/managed
lands, intact natural habitats, climate-resilient lands, and areas
of other unspecified biodiversity significance.

The data types of the KWA and CDLS datasets are rasters,
where critical habitat is a vector. Therefore, the final CNN
input is a three-channel raster tile with the first channel being
the habitat mask, the second being the cultivated land mask,
and the third being the normalized KWA.
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Figure. 1 Data Channels

Preprocessing

For preprocessing, the habitat layer was reprojected to match
the KWA CRS and was rasterized per tile using a spatial in-
dex. The CDLS was converted to a binary cultivated mask,
with it being resampled to tile size using the nearest neigh-
bor. For the KWA, nodata was replaced with zero, and it was
normalized using the estimated global maximum value. Each
tile is a three-channel image containing the habitat, cultivated
land, and KWA data as shown in Figure 1. Tiles containing
minimal data were removed to prevent learning from empty
regions. A tile was considered empty if the KWA mean was
less than 0.01, the habitat fraction was zero, and the cultivated
land fraction was zero.

Tile Generation

The final raster resolution was 30m, and each tile size was
128 x 128 pixels. Spatially, each tile was 3.84 km x 3.84 km.
Therefore, the raster dimensions of each tile are (3, 128, 128),
where each tile is stored as a float32.

The number of tiles used is 2000, where sampling was used
on a quota basis: 500 each for habitat heavy, high KWA, culti-
vated land, and background. A tile is considered habitat heavy
if more than 10% is critical habitat. The tile is considered high
KWA if there is high wildlife importance, and it is considered
cultivated if agricultural land is the most dominant. Finally, a
tile is considered background if the data is neutral or mixed.
As the number of tiles was based on quotas, the type of sam-
pling used was stratified sampling to ensure class diversity and
to prevent any imbalance.

Labeling Strategy

The environmental score is calculated through the formula:
score = 1- (0.6*KWA+0.3*habitat-0.1*cultivated). The for-
mula can be further simplified into the form score = 1 -
0.6*KWA - 0.3*habitat + 0.1*cultivated. Since KWA has the
strongest ecological importance as it conveys overall wildlife
behavior and sensitivity, it was assigned the largest weight.
Critical habitats have a high conservation importance and

Representative Input Tiles by Suitability Class
Critical Habitat

Cultivated Land

Figure. 2 Example Tiles

therefore reduce suitability, but as habitats are more localized
compared to KWA, KWA has double the weight (0.6). Habi-
tat is assigned a weight of 0.3 as it is less harmful than KWA.
The lowest score should be above zero to prevent absolutes.
Finally, since cultivated land is land that has already been al-
tered, it increases suitability as it reduces the area of change.
Therefore, it increases the score. However, this increase in
ecological suitability has not been substantially quantified and
therefore has the lowest weight. Nevertheless, these weights
are based on reasoning rather than empirical validation. The
higher the score is, the more suitable the location is for de-
velopment based on the heuristic formula. The bottom third
of scores is classified as low suitability, the middle third as
medium suitability, and the highest third is classified as high
suitability. If KWA and habitat are zero while cultivated is 1,
the score will be 1.1. This will likely classify the tile as highly
suitable. However, if the habitat fraction is greater than 10%,
the location is forced into low suitability. This is implemented
to enforce conservation priority. The final distribution is ap-
proximately balanced, with the low classification having more
because of the habitat override. The three-classification for-
mat avoids oversimplification in binary classification. It also
stabilizes the CNN training, while allowing for interpretation
in outside circumstances. However, it is important to keep in
mind that the category thresholds are statistical and not eco-
logically validated; therefore, the score doesn’t necessarily de-
termine how environmentally safe locations are.

Model Architecture

This network contains 3 convolutional blocks with 2 convo-
lutional layers per block, as seen below in Figure 3. The
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Table 1 Dataset Information and Processing

Dataset Source Access Year Resolution CRS NoData Processing

Date
KeyWildlifeAreas TNC Site Renewables  Jan 2026 N/A 30m ESRI:102039 <0.01 =0  Master layer; nearest-neighbor re-
Solar GeoTIFF  Right sampling to 128 x 128; normalized

to [0,1]

USDA Crop- USDA NASS CDL Jan 2026 2024 30 m EPSG:5070 —0 Cropped to KWA; nearest-
land Data neighbor resampling to 128x128;
Layer (CDL) binary mask
USFWS Crit- U.S. Fish & Wildlife Jan 2026 N/A Vector EPSG:4326 N/A Reprojected to KWA; rasterized to
ical Habitat  Service aligned 128128 grid
Polygons

three-channel input allows the CNN to learn the spatial in-
teractions between environmental factors, such as where they
overlap and influence each other.

After each block, there is max pooling and then finally
global average pooling. The first block extracts the lower-level
spatial features like boundaries and patch shapes. The output
shape is (32, 64, 64). The second block doubles the depth of
the features and learns spatial patterns of a middle level: patch
density, clusters, etc. The output shape is (64, 32, 32). The
third block captures higher-level spatial structure. It learns
feature dominance, landscape composition, and the texture of
environmental patterns. The output shape is (128, 16, 16). Fi-
nally, the global average pooling reduces this shape to (128,
1, 1) before flattening it into (128). Global average pooling
was chosen as it conveys how strong each feature is in a tile
rather than where the feature is, which suits the purpose of this
model better. Furthermore, global average pooling prevents
overfitting and partially implements spatially global reasoning
as indicated in Table 7 for the ablation test results. The tiles
are 128 x 128 to balance spatial context with computational ef-
ficiency. Since it is at 30m resolution, each tile has an area of
3.84 km x 3.84 km. This is large enough to capture the most
important patterns while being small enough for training and
processing to be efficient. The final CNN contains ~295,459
parameters. This count is large in comparison to the dataset,
so the model is regularized using methods like dropout, weight
decay, early stopping, and spatial cross-validation.

Training Setup

The hardware used for training was the CPU, and the learn-
ing rate was set to be le-3. The loss function incorporated
into this model is Cross-Entropy Loss, as it is what is typ-
ically used for multi-class classification models such as this
one. Since the classes of this model (Low, Medium, High) are
mutually exclusive and categorical, Cross-Entropy Loss fits
ideally as a loss function. The optimizer used is AdamW, as
it has adaptive learning rates and better generalization com-
pared to Adam. The activation function used is ReLU to in-
troduce non-linearity. In early layers, the activation function

emphasized the transitions and edges of regions. In the middle
layers, ReLLU allows feature interactions and nonlinear combi-
nations of local patterns. Finally, in the deeper layers, ReLU
encourages nonlinear ecological gradients. The pooling layer
incorporated into this model is MaxPool2d, which is used after
each convolutional block, as shown in Figure 3. After the fi-
nal pooling, a global average pooling is applied. This reduces
the number of features to 128 to prevent overfitting and force
global reasoning.

Within this model, if validation loss no longer improves,
the learning rate will be halved. Since environmental data
can have small oscillations, learning rate reduction can al-
low for a more stable convergence and better fine-tuning in
later epochs. Additionally, this model incorporates early stop-
ping such that if the validation loss doesn’t improve in eight
epochs, the training will stop. This prevents memorization and
wasted computational power. Moreover, the included gradient
clipping prevents training instability and exploding gradients.
There is a batch size of 64 to allow for stable gradient esti-
mates while maintaining reasonable training times. There are
50 epochs; however, most folds stop earlier due to the early
stopping feature. The regularization techniques used are the
dropout, weight decay, early stopping, spatial CV, and GAP
features. These features prevent overfitting and improve gen-
eralization. They also provide spatial variability in the dataset.

Cross-Validation Strategy

This model includes a five-fold cross-validation. The outer
loop contains five spatial folds, while the inner loop uses
a five-fold spatial split for validation. For each outer fold,
around 70% of the data is used for training, 20% of the data is
used for validation, and about 10% are used for testing. The
reason for spatial CV is that it prevents overly optimistic accu-
racy or memorization of geography. Furthermore, it prevents
spatial leakage. This means the cross-validation stops nearby
tiles from appearing in both the testing and training data.
Tiles are assigned to blocks before cross validation. Group
identifiers were created using the formula group = (row//512)
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Table 2 CNN Architecture and Set-Up

Component Value Component Value

Input Shape 3 x 128 x 128 Output Classes 3 (Low, Medium, High)
Conv Blocks 3 Filters 32 - 64 — 128
Kernel Size 3x3 Stride 1

Padding 1 Pooling MaxPool 2 x 2
Global Avg Pooling Yes Dense Layers 128 - 64 — 3
Activation ReLU Dropout 0.30

Total Parameters 295,459 Trainable Parameters 295,459
Framework PyTorch 2.9.14+cpu Hardware CPU

Random Seed 42 Repeated Runs 1

Metrics Averaged Across Runs No Loss Function Cross-Entropy
Optimizer Adam Initial Learning Rate 0.01

Scheduler ReduceLROnPlateau  Scheduler Factor 0.5

Scheduler Patience 3 epochs Weight Decay 1x107*
Gradient Clipping 1.0 Batch Size 64

Maximum Epochs 50 Early Stopping Patience 8 epochs

Input
(3,128, 128)

Y

Conv(3->32) + ReLU
Conv(32->32) + ReLU
MaxPool

X
Conv(32->64) + ReLU
Conv(64->64) + ReLU

MaxPool

Conv(64->128) + ReLU
(Conv(128->128) + ReLU|
MaxPool

AdaptiveAvgPool(1x1)

Flatten

|

Linear(128->64) + ReLU
Dropout(0.3)

v

Linear(64->3)

Output
[Low, Med, High]

Figure. 3 Model Architecture Chart

x 1000 + (col//512) where each tile belongs to a unique
512x512 pixel block. Each spatial block represents about
15.36 km x 15.36 km. Tiles belonging to the same spatial
block can’t appear in both training and testing sets.

The evaluation metrics that are considered are accuracy,
macro F1, balanced accuracy, per-class recall, Moran’s I, and
confusion matrices. The accuracy conveys overall correctness.
Macro F1 treated each class equally, while penalizing poor

minority-class performance. Balanced accuracy makes sure to
account for class imbalance. Per-class recall is important to
consider, as missing low suitability areas can be harmful, and
missing high suitability areas reduces efficiency in planning.
The confusion matrix conveys where the model confuses dif-
ferent classifications based on the reproduction of the given
formula. Balanced metrics are important as it prevents a mis-
leading high accuracy rate.

Results

The model includes 5-fold spatial cross-validation as men-
tioned earlier. This approach prevents spatial leakage and en-
ables realistic generalization. As seen in Table 3, the minimum
distance between a test tile and the nearest training tile ranges
from 1.32 km to 2.86 km, while the mean distance ranges from
24.76 km to 28.43 km. Moran’s I was calculated on binary
prediction residuals to see whether prediction errors remained
spatially clustered. Since the values remained close to zero
(-0.020 to 0.029) and the p-values all exceeded 0.05, there is
evidence that the spatial cross-validation reduced geographic
leakage. The overall results, as seen in Table 4, ended with
accuracy having a mean of 0.9796 and a standard deviation of
0.0108, macro f1 having a mean of 0.9759 and a standard de-
viation of 0.0125, balanced accuracy having a mean of 0.9759
and a standard deviation of 0.0104, low recall having a mean
of 0.9869 and a standard deviation of 0.0226, medium recall
having a mean of 0.9515 and a standard deviation of 0.0214,
high recall having a mean of 0.9894 and a standard deviation
of 0.0117, low precision having a mean of 0.9886 and a stan-
dard deviation of 0.0068, medium precision having a mean of
0.9580 and a standard deviation of 0.0420, and high precision
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Spatial Cross-Validation Fold Assignment
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Figure. 4 Spatial Cross-Validation Fold Assignment
Table 3 Summary of Fold Splits and Spatial Diagnostics
Fold Train Val Test Min Dist (km) Mean Dist Moran’s | p-value
(km)
1 1286 312 402 1.32 27.29 -0.020 0.273
2 1289 313 398 2.86 27.86 -0.014 0.471
3 1286 328 386 1.32 28.43 0.026 0.141
4 1267 329 404 2.21 24.76 0.029 0.068
5 1275 315 410 2.03 27.43 -0.008 0.467

Final Code — https://github.com/AriaMitra/EnvironmentalSuitabilityofSolarInstallations/
tree/main

having a mean of 0.9820 and a standard deviation of 0.0176.
Almost every fold had an accuracy between 96% and 99%,
with a minimal standard deviation. Additionally, the number

Table 4 Performance Metrics for CNN Classification

of tiles that were reassigned due to habitat override is 500. accuracy 0.9796 + 0.0108

A sensitivity analysis was also included to map the changes macro-f1 0.9759 £ 0.0125
in class labels if the variable weights were slightly altered. As balanced_accuracy  0.9759 + 0.0104
seen in Table 5, in the case where KWA is given a weight of recall_low 0.9869 + 0.0226
0.5, critical habitat is given a weight of 0.4, and cultivated land recall_-med 0.9515 £ 0.0214
is given a weight of -0.1, the percentage of tiles that change recall_high 0.9894 + 0.0117
classification is 5.30%. When KWA is given a weight of 0.7, precision_low 0.9886 + 0.0068
critical habitat is given a weight of 0.2, and cultivated land precision_med 0.9580 + 0.0420
is given a weight of -0.1, the percentage of tiles that change precision_high 0.9820 + 0.0176

classification is 1.20%. When KWA is given a weight of 0.6,
critical habitat is given a weight of 0.3, and cultivated land
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is given a weight of -0.2, the percentage of tiles that change
classification is 1.70%. Finally, when KWA is given a weight
of 0.6, critical habitat is given a weight of 0.3, and cultivated
land is given a weight of -0.05, the percentage of tiles that
change classification is 1.60%.

Table S Sensitivity Analysis Results

more habitat 0.5/0.4/-0.1 5.30%
more kwa 0.7/0.2/-0.1 1.20%
more cultivated 0.6/0.3/-0.2 1.70%
less cultivated 0.6/0.3/-0.05 1.60%

The training curves in Figure 5 illustrate that in early
phases/epochs, there is a rapid drop in training and validation
loss, while accuracy jumps to the ~90% range. In the middle
phase, there are more gradual improvements with the valida-
tion accuracy often reaching almost ~97%. In the late phase,
there are some spikes.

According to Table 4, the mean recall for the low suitabil-
ity classification was 0.9869. The mean recall of the medium
suitability class was 0.9515. This is the lowest of all classes,
which means the most confusion occurs in this area. Finally,
high suitability had a mean recall of 0.9894 and was very con-
sistent across different folds. The confusion matrices in Fig-
ure 6 reinforce these results. The lower class was seldom pre-
dicted as high and vice versa. However, the medium class was
sometimes predicted as high or low.

The precision for low suitability had a mean of 0.9886 and
a very low variance. In the medium class, the precision had a
mean of 0.9580. While this is relatively high, it is still lower
than the precision for the other two classes. Finally, the high
suitability class had a precision of 0.9820.

A zero-parameter baseline was computed and had an accu-
racy, macro f1, and balanced accuracy of 1.0. A random forest
on zonal statistics was also computed and had an accuracy of
0.99502, a macro f1 of 0.99467, and a balanced accuracy of
0.99556. A MLP baseline on channel means was computed
and had an accuracy of 0.91791, a macro f1 of 0.89928, and a
balanced accuracy of 0.89476.

With CNN ablation, when the habitat layer was shuffled,
the accuracy went down from 0.96517 to 0.93034. When the
cultivated layer shuffled, the accuracy increased from 0.96517
to 0.97263. When the KWA layer was shuffled, the accuracy
decreased from 0.96517 to 0.90796.

There are few ethical concerns to this study as there are
no living participants. Datasets are public and therefore have
little privacy concern. However, there is an ethical issue of
usage. Problems may show up if planners use the model in
areas that haven’t been tested yet and overly trust the results.

Discussion

Consistently high accuracy across the folds highlights that the
model generalizes well across sample spatial folds. In addi-
tion, the rapid decrease in loss during the early phases of the
training, as seen in Figure 5, reveals that the model can ef-
ficiently capture strong spatial patterns within the data. Mi-
nor fluctuations in later stages of training can be attributed to
spatial data variability rather than model instability. This be-
havior demonstrates that the model didn’t memorize tiles, and
generalization remained successful. Furthermore, Moran’s I
analysis suggests reduced geographic leakage between train-
ing and testing partitions. However, while the minimum train-
ing distance exceeds 1 m, neighboring areas may still have
similar environmental characteristics so complete geographic
independence can’t be claimed.

The sensitivity analysis shows relatively low percentages of
reclassification due to moderate weight changes as seen in Ta-
ble 5. While the formula is not validated, small changes have
little effect on the results. This indicates that the labels are
relatively stable.

Additionally, 500 tiles were overridden into becoming low
suitability due to the habitat fraction rule. These 500 tiles
likely come from the stratified sampling of habitat heavy loca-
tions. The override makes the dataset more conservative, turn-
ing locations that may have been classified as medium suit-
ability into low. This creates a sharp boundary at 10% habitat,
meaning the CNN partially learns a predefined rule rather than
continuous ecological gradient.

The high mean recall for the low suitability class, as seen
in Table 4, emphasizes that the model rarely misclassifies lo-
cations that have a lower value based on the reproduced for-
mula. As seen in Figure 6, 862 tiles have a true low classifica-
tion while 872 tiles were predicted to have a low classification,
where the 10 tiles that were misclassified were of the medium
suitability class. Furthermore, the fact that the mean recall for
the medium class is lower than that of the high and low classes
is understandable, as the medium class consists of intermedi-
ate regions where feature distributions overlap both low and
high suitability classes and scores can vary. This does bring
a conceptual limitation to light in that the medium suitability
class may not be implementable and learnable. In most cases,
high suitability and low suitability areas will most likely be
important to know for environmental planning, but medium
suitability locations may not be. Finally, the high mean recall
for the high suitability class suggests that the CNN can suc-
cessfully reproduce the heuristic environmental scoring used
to create the classes, especially that of the higher class. This
relationship is reinforced in Figure 6. The confusion matrices
convey that most errors occur at decision boundaries rather
than flipping between opposite categories. This means that
most errors occur between medium and neighboring classes
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Figure. 5 Accuracy and Loss Curves of the Five Spatial Folds
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Figure. 6 Confusion Matrices (Left: Raw Counts; Right: Row Normalized Proportions)
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Table 6 Baseline Test Performance

Summed Confusion Matrix across 5 Spatial Folds (row-normalized)

Low

0.8
0.6
7
&
o Med
2
F 0.4
0.2
High
0.0

Low Med High
Predicted label

Zero Parameter Heuristic baseline Random Forest baseline MLP baseline
Accuracy 1.0 0.99502 0.91791
Macro F1 1.0 0.99467 0.89928
Balanced Accuracy 1.0 0.99556 0.89476

Table 7 CNN Ablation Test Results

Normal CNN  Habitat shuffled Cultivated shuffled KWA shuffled

accuracy 0.96517 0.93034 0.97263 0.90796
macro_f1 0.95834 0.92735 0.96751 0.87929
balanced_accuracy 0.95742 0.93255 0.96524 0.86696

rather than between extreme classes.

The high accuracy rate indicates that the classes have some
separation and that the CNN can effectively capture distinct
features in the environmental data. It also means that misclas-
sification remains low within the limited environmental vari-
ables used in the study. However, other factors that may have
an impact are not considered, so classification is not absolute.
Since the balance accuracy is about the same as the regular ac-
curacy, performance is not inflated by an imbalance of classes.
The high metrics indicate that the CNN is good at reproducing
the provided heuristic formula rather than predicting ecologi-
cal suitability. In conclusion, the results demonstrate minimal
evidence of overfitting, high predictive power, low variance,
and stability across sampled areas.

The high precision for low suitability, as seen in Table 4,
means the model is almost never wrong in predicting low suit-
ability of a location based on the given heuristic scoring. The

fact that the precision of the medium class is lower than that
of the other two classes reveals that the medium class is the
hardest to learn and the least stable across folds. Finally, the
high value of the precision of the high suitability class conveys
that the model is effective in identifying optimal locations for
solar panel installation based on the given variables.

The statistics from Table 6 indicate that labels are almost
perfectly recoverable from the formula that generates them.
Additionally, the high values for the random forest model in-
dicate that simple summary statistics can almost completely
solve the task. The values of the MLP, while high, are not
as high as the other tests. This means that though non-spatial
neural features do well, spatial neural features do better.

Furthermore, the ablation test in Table 7 reveals that the
CNN only partially relies on spatial structure. The perfor-
mance degradation after shuffling the KWA suggests that the
model uses more than just tile averages. Habitat shuffling
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also had a slightly degraded performance reinforcing this idea.
However, the cultivated shuffling indicates that the cultivated
land layer doesn’t contribute overly meaningful spatial struc-
ture. The CNN seems to rely on both summary statistics and
spatial structure at varying levels.

The CNN performs well on this spatial dataset for a few
reasons. First, the input channels are well structured and con-
sistent, with each channel encoding a specific environmental
feature, capturing meaningful spatial interactions across lay-
ers. Furthermore, the dataset is balanced through different
quotas, which ensures that the model sees all types of patterns
equally. Notably, the selected tile size captures spatial context,
enabling accurate evaluation of each location.

However, there are a few limitations to these results. First,
the model was mainly trained in one region of the United
States. Therefore, it may not generalize well in other global lo-
cations. Moreover, the suitability labels were generated using
a heuristic environmental scoring formula, rather than direct
ecological ground truth. This means there can be a difference
in true suitability based on the opinions of factor weights. Fur-
thermore, the tile sampling is quota-based. This changes the
natural distribution of ecosystems. When the model is actu-
ally implemented, these proportions will differ from what was
tested. Another limitation is that the baseline model compari-
son indicates that the zero parameter heuristic and the random
forest both perform well on the data, implying that a CNN may
not be necessary. Additionally, the model only includes three
environmental layers while additional ecological factors that
may have an impact like hydrology, slopes, and wetlands are
not considered. There is also a limitation in the architecture
in that the CNN is relatively large compared to the dataset
size. Although techniques were implemented to reduce this,
the model may still be over-parameterized. Future work can
compare this model against smaller CNNs to determine if it
can achieve similar performance. Finally, temporal data is not
considered within the model, making it potentially inaccurate
in the subtleties of day-to-day changes within ecosystems.

Conclusion

This paper was able to construct a multi-channel CNN to re-
produce a heuristic ecological suitability framework that eval-
uates solar power installation locations. The three-channel
CNN uses inputs of key wildlife areas, critical habitats, and
cultivated land to reach a high accuracy and reproducibility.
The results indicate that the CNN can capture environmental
features and distinguish between suitability classes.

This study is significant as it focuses on the environmental
impact of solar panels rather than the power output or eco-
nomic viability that most current models focus on. Future
models can incorporate the prototype created in this study
as a component to evaluate ecological suitability with other

factors after additional testing. Since this CNN reproduces a
given formula, it requires much more development before im-
plementation in any planning. This prototype can be used as
a pre-screening tool for solar site selection after more work
is done, as there is a high recall for low suitability locations.
Future work could expand on this approach by implementing
temporal data, such as seasonal changes, within the model.
After implementing a transfer experiment and confirming that
this model can work in other locations, the framework could
be incorporated into urban planning to prevent the spread into
environmentally vulnerable areas. Additionally, the model
could possibly be implemented in agricultural PV planning
with more specific crop data and testing.

This study can become a building block of numerous new
applications to reduce the environmental impact of human ac-
tions. When the world we live in is slowly changing, it is up
to us to ensure that nature can still survive.
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