Characterizing CNN-based Vessel Detection
Algorithm Sensitivity to Optical Sensor Artifacts
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Abstract—The number of space-based optical imaging systems
have substantially grown in recent years. Many of these commer-
cial based vendors are exploring concepts to move processing
applications directly to the space segment or to incorporate
advanced algorithms in their ground segment. Typically, Convo-
lutional Neural Network (CNN)-based detection algorithms are
considered due to their high reliability in laboratory settings.
However, this class of algorithms routinely demonstrates de-
graded performance when unexpected phenomena are introduced
to the data. As more near-real-time applications are considered,
CNN-based algorithms will be subjected to sensor calibration
artifacts. This paper seeks to characterize the response of CNN-
based vessel detection algorithms to common electro-optical sen-
sor calibration artifacts. Several artifacts are explored, including
added sensor noise and failed detector artifacts. Each of the
explored artifacts uniquely impact the algorithm detection per-
formance. It is found that applying Poisson distributed random
noise to the imagery substantially degrades model performance
by increasing false alarm rate. Likewise, the application of
a uniformly distributed random scale factor to the imagery
degrades model performance by lowering positive detection
rate. These results may inform plans to implement CNN-based
algorithms directly in the space-segment by characterizing typical
performance variations due to underlying sensor calibration
issues.

Index Terms—CNN, spacecraft, onboard processing, Auto-
matic Target Recognition, maritime

I. INTRODUCTION

The commercial satellite industry is continuing to experi-
ence rapid growth. Reductions in launch costs coupled with
continued miniaturization of electronics has enabled rapid
growth of satellite constellations [1] [2].

The emerging ability to field large constellations is con-
tinuing to open up new applications that may be served by
space capabilities. One proposed application is the use of large
constellations to monitor maritime activity. The vast area of
the worlds oceans presents a challenge for detecting illicit
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maritime activities. However, large constellations of space-
based sensors may be able to address this key challenge [3]
(4] [5].

Image analysts have already identified challenges with
maintaining pace with existing commercial satellite imaging
systems. One means to grow analysis capability on par with
the large growth of space-based sensors is to increasingly rely
on Artificial Intelligence (AI) capabilities [6].

In order to successfully meet the challenge of detecting
illicit maritime activities on a global scale via large constella-
tions of space-based sensors, Automatic Target Recognition
(ATR) methods, as proposed in Reference [7], would be
necessary. ATR would minimize the burden on already taxed
image analysts.

One key challenge to scaling ATR to large constellations
is the ability to successfully understand operational quality
metrics when constellations may have hundreds of sensors.
Operators would be challenged to monitor what would be one
or two orders of magnitude more sensors than what is typically
deployed today.

A further complication is that many ATR methods lack
explainability [8]. While a body of work has been devoted
to understanding image quality for space-based sensors, see
References [9], [10], and [11], substantially less work has been
done to understand performance metrics for ATR methods and
traceability to underlying sensor root causes, see Reference
[12].

This paper seeks to narrow that knowledge gap by ex-
amining the relationship between maritime vessel detection
ATR algorithm performance and typical factors impacting
space-based Electro-Optical (EO) image performance. CNN-
based vessel detection algorithms have been trained using
vessels from existing commercial satellite imagery. Additional
satellite images have been curated using manually applied
vessel annotations. This imagery has been degraded using
several methods that may occur during the life-cycle of space-



based imaging systems. Baseline performance of the ATR
models using pristine imagery is compared to the performance
using degraded imagery.

Section II details the methodology used. Results are pre-
sented in Section III. Conclusions are offered in Section IV.

II. METHODOLOGY

In this experiment, commercial satellite EO imagery is
used to train a vessel detection model, as well as measure
performance of the models subject to multiple types of image
degradation that would be consistent with effects anticipated
during a space-based sensor’s life-cycle. Here, the imagery,
the artifact process, and the ATR methods used are discussed.

A. Imagery Data Description

This experiment relies on EO imagery from the WorldView-
2 (WV2) and WorldView-3 (WV3) commercial imaging satel-
lites. References [13] and [14] contain additional details on
the imaging systems.

WV2 and WV3 are high resolution imaging satellites that
are in Low Earth Orbit (LEO). While these systems offer
both panchromatic and multi-spectral image products, only
the panchromatic products are used in this experiment. WV2
offers imagery with a Ground Sample Distance (GSD) as low
as 50cm, and WV3 offers imagery with a GSD as low as
30cm. Both systems image in the visible spectrum.

The data used here is panchromatic EO data. The imagery
has been segmented into approximately 5,000 by 5,000 pixel
sub-images. The data have been down-sampled to 8-bit im-
agery, which is then normalized prior to use with the CNN-
based models. The use of 8-bit imagery, rather than the native
bit depth, which is typically higher, is used to match the bit
depth of imagery used in typical CNN training architectures.

Data has been curated in order to train CNN-based ATR
models. These data are subsections of the collected image
that have been labeled as either containing a vessel or typical
clutter within a maritime scene. 18,800 examples have been
curated to identify whether the image contains a vessel or
clutter. For context, Figure 1 provides examples of the typical
vessel and clutter image classes.

(a) Vessel

(b) Clutter

Fig. 1: Examples of typical vessel and clutter images. A typical
commercial, tanker vessel is shown, along with a cloud/water
mixture example. Original images ©MAXAR.

Further, independent data have been curated to measure the
impact of imagery artifacts. Additional full-image examples
have been manually annotated to denote vessels using the
Label Studio software [15]. A quantity of 562 images has
been labeled to measure model performance against. Of the
total number of images, 442 are focused in open-ocean scenes,
whereas the rest are focused in vessel-dense littoral areas, such
as ports. Figure 2 shows an example of a vessel annotated in
an image.

For evaluating ATR algorithms, these large images (about
5k by 5k pixels) are chipped into 224 by 224 samples using
a stride length of 112 pixels, making the actual number of
tested samples much larger. A more detailed summary of
the test dataset can be found in Table I. The vessels in the
annotated full-images are independent of the data used to train
the ATR models (i.e. there are no overlapping images between
the manually annotated data and the examples used to train
the CNN-based models). As such, all the data in Table I is
used for testing. As indicated by the number of positive chips
relative to the total number of chips, this method of chipping in
combination with the nature of maritime imagery lends itself
to a highly imbalanced dataset. The distribution of vessels
in a given image is particularly sparse in most cases that do
not involve a congested port area. Even in images that do
involve higher vessel-density, the area of land/water tends to
be significantly greater than the area covered by vessels. This
skewness in the data is taken into consideration when selecting
evaluation metrics, see Section II-E.

TABLE I: Description of Test Data

Dataset Images | Vessels Chips Positive Chips
Complete 562 2309 1380027 25828
Open Ocean 442 1365 1090901 20162
Littoral 120 944 289126 5666

B. Modeling Image Calibration Artifacts

A large body of work is dedicated to the calibration of
satellite imaging systems [16] [17] [18] [19] [20] [21] [9].

Examples are taken from the literature as to typical imaging
payload issues that may occur during on-orbit operations. The
following subsections provide detail on each of these typical
issues. These issues have been simulated for this experiment
by applying the conditions detailed below to the pristine
satellite imagery in order to characterize the impacts on ATR
algorithm performance.

1) Non-uniformity Correction Error: Digital imaging sen-
sors, such as the typical Charged Coupled Device (CCD)
sensor used in satellite imaging payloads, suffer from Fixed
Pattern Noise (FPN). FPN is typically present due to small
variations in photoelectron conversion for each pixel in the
sensor. A Non-uniformity Correction (NUC) process is typi-
cally applied as part of payload calibration [9].

In the context of large, imaging satellite constellations,
operators may be challenged to monitor NUC calibration
performance across a large number of sensors especially as



Fig. 2: Image of Typical Annotation of Vessel in Commercial
Satellite Imagery. A polygon is used to represent the all pixels
associated with the vessel object. Original Image ©MAXAR.

imaging payloads age and may become more difficult to
calibrate. Various levels of NUC error are applied to emulate
anticipated effects of either poor system calibration or imaging
payload life-cycle degradation.

We simulated this bad non-uniformity correction error by
multiplying each image pixel with a random scaling factor.
For a given input image i, our output bad NUC image was
defined in Equation 1.

I(z,y) = (n+ X* B(z,y)) *i(z,y) (1)

where p was set statically at 1 and A was tested for the cases
0.01, 0.1, and 0.3. Here, 3(z,y) is a random number sampled
from a normal Gaussian distribution.

2) Offset Correction Error: Most imaging sensors (CCD
and CMOS) have a dark response or current due to current
leakage in the photo-sensing diode. This signal does not
depend on the light level of the scene, but only depends on
the integration time used to collect the image. This is usually
assessed by placing a shutter or cover over the imaging system
and measuring the dark response for each pixel. Along with the
NUC, the offset will provide a mapping between the reported
Digital Number (DN) per pixel and the measured light level.

In the context of a large constellation, the dark level can
change and grow with radiation effects and other on orbit aging
effects. It would be important to understand these life-cycle
related impacts on ATR performance.

For this analysis, the bad offset error is simulated by adding
a Poisson distributed random number to each pixel in the
image. Given an input image ¢, the output image can be defined
as given in Equation 2.

I(z,y) = i(z,y) + P((z,y); \) 2)

where the random number is sampled from the Poisson distri-
bution defined as
A\

P ()i = S0 3
This distribution P((z,y); A) describes the probability of
events happening over the image sized (z,y) within the
observed interval \. For our analysis, we tested the effects
of bad offset error for A equaling 10, and 30.

3) Bad Pixels Error: Digital imaging sensors during the
course of operations may suffer from inoperable or bad pixels.
These pixels may suffer from a combination of poor quantum
efficiency, high dark current, excessive read noise, or non-
linearity due to a range of faults within the sensor electronics
[22].

While sensor calibration efforts strive to remove the impact
of bad pixels on image processing, the impacts may never-
theless be realized. Any calibration effort must choose an
operational cadence, thus leaving some period of time between
when an artifact materializes and when it may be mitigated.

The specific manifestation of bad pixels for any imaging
system is dependent on the underlying image sensor technol-
ogy, the sensor calibration process, and the image formation
process.

For purposes of this analysis, a pseudo-random sequence
of pixel (x,y) coordinate pairs was generated once. The pixel
value for each coordinate pair was set to zero for all images.
This approach has the benefit of traceability of ATR results
back to the bad pixel artifact, since the same set of bad pixels
is used for all images.

4) Failed Region Error: Digital imaging sensors during
the course of operations may suffer from larger, accumulated
faults that leave entire regions of the image inaccessible for
image processing [22].

Again, sensor calibration efforts would strive to remove
these failed regions from producing image products; however,
operational cadence issues may leave some period of time
between when a failed region materializes and when it may
be mitigated.

The specific manifestation of a failed region for any imaging
system is dependent on the underlying image sensor technol-
ogy, the sensor calibration process, and the image formation
process.

For this analysis, the failed region artifact is emulated by
setting the central 25% of pixels to zero.

5) Gaussian Blur: Earth imaging sensors may require focus
calibration to ensure resulting imagery is in focus. While
specific focus behavior and calibration techniques are directly
related to the optical design of the satellite, there is typically
a period of several months while the focus is being updated
to account for residual settling of optical system components
[23].

As such, it is worthwhile to understand the impact of
defocused imagery on ATR performance. In order to emulate
defocused imagery, a Gaussian blur filter was applied to the
baseline imagery. A 7 pixel kernel is used when applying the
Gaussian blur filter.




6) Artifact Examples: Figure 3 shows examples of each
artifact on a sample image.

(a) Baseline (b) Bad NUC XA = 0.3

(e) Bad offset A = 30.0

(f) Gaussian blur

Fig. 3: Labeled examples of different anomalies on sample
image. The visual impact of each of the modeled artifacts can
be observed. Note, the example bad pixels image is colorized
red for viewing purposes only. Original imagery O©OMAXAR

C. Automatic Target Recognition Models

The ATR model used here is based on the Inception V1
Convolutional Neural Network (CNN) architecture [24]. The
model was trained using an augmented dataset of 18,800
original images and random initial weights to classify images
as either binary ship or not-ship. The dataset consisted of 9400
ship images and 9400 not-ship images and had an 80-20 train
test split. The model was trained for 40 epochs using a batch
size of 50. The ADAM optimizer was used with an initial
learning rate of 0.001 that decreased to 0.0001 after 10 epochs.
Cross entropy was used as the loss function. The achieved
classification accuracy on the validation dataset was 91.1%.

The Inception V1 model was chosen due to internal heritage.
While more modern CNN approaches exist, the purpose of the
experiment is to measure changes relative to a baseline perfor-
mance, so a model with sufficiently reasonable performance
is needed. Future work should incorporate additional model
architectures.

In order to evaluate the ATR model against ground truth
annotations, softmax scores were generated for chips derived
from each Worldview image. A chip size of (224,224) pixels
and a stride length of 112 pixels was used to process each
image. This strategy resulted in roughly 2000 (chip, softmax)
pairs for each 5000 by 5000 image. For metrics requiring a
binary classification, these softmax scores were thresholded on
a value of 0.75. Chips corresponding to a softmax greater than
or equal to 0.75 were assigned 1 (corresponding to a vessel
detection) and those below were assigned 0 (corresponding
to no vessel detected). For calculating metrics, binary masks
were created using the ground truth vessel annotations. Areas
inside polygon vessel annotations were set as 1 (corresponding
to positive vessel ground truth) and everything else to 0
(corresponding to negative vessel ground truth). The (chip,
softmax) pairs were then compared to their corresponding chip
in the binary mask, with each ground truth chip that intersected
a vessel polygon (i.e. containing nonzero pixels) counting as 1
for positive ground truth and the rest as 0 for negative ground
truth.

D. Experimental Comparisons

Several cases are examined to characterize the impact of
imagery artifacts on CNN-based automatic target recognition
performance. Table II defines the cases examined as well as
the mnemonic used to identify the cases in the Section III.

TABLE II: Table of Experimental Cases Examined

Case Label | Artifact Applied | Parameter Value
Baseline None None
NUCsig01 Bad NUC A=0.01
NUCsigl Bad NUC A=0.1
NUCsig3 Bad NUC A=0.3
0S10 Offset Correction A =10.0
0S30 Offset Correction A =30.0
Blur Gaussian Blur (7,7) kernel

E. Performance Metrics

A number of metrics are used to characterize the difference
between baseline ATR performance and ATR performance
with calibration artifacts applied to the underlying imagery.
These metrics are calculated from samples on a per World-
View image basis and compared across the various artifact
scenarios. The metrics are calculated across various percentiles
of the entire population of test images to capture the median
performance as well as the performance variance.

The cross entropy function is shown in Equation 4. Here,
y is the value of softmax output from the CNN, and g
is the binary value of the corresponding chip ground truth
(one indicating vessel, zero indicating clutter). This function



provides a useful metric as it can characterize how far target
values are above the background output level. Lower values in
cross entropy denote a distribution that more closely matches
the ground truth distribution [25]. These can indicate a higher
performance, however due to the skewness of the data eval-
vated here, they more strongly describe a larger number of
non-vessel predictions.

1
~ D —wlogi — (1 —y)log(1 - §) )

Additional metrics are based on the ATR classification de-
cision given a specific applied threshold value for the softmax
output. Here, a threshold of 0.75 is used where values above
the threshold are designated as a target (e.g. a value of one),
and values below the threshold are designed as clutter (e.g. a
value of zero). Detection threshold values are typically a key
design parameter. Here, a static value is chosen as a basis of
comparison between the baseline and anomaly cases. Since the
key metrics are measured relative to the baseline, this value
was not subject to further optimization.

A confusion matrix may be assembled to group chip sam-
ples into the four outcomes given a binary classification: True
Positives (TP), False Negatives (FN), False Positives (FP), and
True Negatives (TN). These comprise the possible outcomes
of whether the ATR output of ship or clutter matches the
truth mask of ship or clutter. See Reference [26] for additional
discussion on binary classification metrics.

From here, various metrics may be constructed to summa-
rize performance. Again, due to the disproportionate number
of negative samples evaluated, the metrics chosen for this
analysis avoid TN samples that would otherwise strongly skew
them.

The True Positive Rate (TPR), or recall, is given in Equation
5. The TPR denotes what percentage of true vessel samples
were correctly identified. A higher number denotes better
performance.

TP

TPR=75TFN

®)

The precision is given in Equation 6. The precision mea-

sures the percentage of samples correctly identified as vessels

over all samples identified as vessels. A higher number denotes
better performance.

TP

Precision = ————— 6

TP+ FP ©

The F} score is given in Equation 7. The F score measures

the harmonic mean of precision and recall and is a measure

of accuracy. A Fj score of 1.0 indicates that both precision

and recall are 1.0 while a F; score of 0.0 indicates that either

precision or recall are 0.0. As such, a higher number indicates
better performance.

2
F = )

recall=1 + precision=!

Last, these metrics are calculated for each of the 562,
larger images. As ATR performance can vary widely with
specific image content, these metrics are compiled at various
percentiles to show both the median performance and the
degree of performance variance.

III. RESULTS

Results for the experimental cases run are summarized here.
All imagery (1380027 chips, see Table I) was processed using
an NVIDIA A30 GPU in 3 hours, 31 minutes. The baseline
performance metrics for the Inception V1 based model are
given in Table III below. As can be seen, the model performs
reasonably well across a broad population of test images.
Recall values are lower than typically expected from a binary
classifier because ground truth image chips are considered
positive if any portion of a vessel intersects them regardless of
area. For the purposes of the analysis, metrics are measured
relative to the baseline case, so further work to refine this
is not necessarily informative to characterizing the impact of
anomalies.

Table IV shows the performance metrics for the Inception
V1 based model for the subset of imagery in open ocean.
As can be seen, the model shows improved precision, F}
score, and cross entropy when littoral imagery is excluded.
These improvements are driven by a high false alarm rate
on land chips, indicating the model struggles with identifying
littoral features, such as land and port infrastructure, as vessels.
This could be expected as the 18,800 image dataset that the
ATR algorithm was trained on largely included open ocean
and clutter in the not-ship category, so it hadn’t seen many
examples of these littoral features. Overall anomaly-based
trends in algorithm performance remain the same regardless
of dataset, so as to avoid further skew from disproportionate
false positives, analysis focuses solely on open ocean images.

TABLE III: Baseline Performance Metrics for Inception V1
Based Model for All Imagery Across Various Percentiles of
Population

Metric 10th P. | 25th P. | Median | 75th P. | 90th P.

F1 0.0415 | 0.1793 0.4749 0.8000 | 0.9427
Precision 0.0376 | 0.2685 0.8000 1.0000 1.0000
TPR 0.0592 | 0.2359 0.6667 0.8588 1.0000
Cross Entropy | 0.0359 0.0832 0.1636 0.3741 0.6859

TABLE 1V: Baseline Performance Metrics for Inception V1
Based Model for Open Ocean Imagery Across Various Per-
centiles of Population

Metric 10th P. | 25th P. | Median | 75th P. | 90th P.

F1 0.0656 | 0.2611 0.6259 0.8421 0.9615
Precision 0.2708 | 0.6667 0.9474 1.0000 1.0000
TPR 0.0364 | 0.2000 0.6095 0.8397 1.0000
Cross Entropy | 0.0321 0.0663 0.1346 0.2487 | 0.4218

Table V shows the cross entropy results by artifact case
given the Inception V1 model at various percentiles across



the open-ocean test imagery. Interestingly, the NUCsig3 case
shows improved cross entropy from the baseline across the
distribution of imagery. In the OS30 case, the cross entropy
is uniformly worse across the distribution of cases from the
baseline.

TABLE V: Comparison of Cross Entropy Results for Inception
V1 Based Model for Open Ocean Imagery Across Various
Percentiles of Population

Case 10th P. | 25th P. | Median | 75th P. | 90th P.
Baseline 0.0321 0.0663 0.1346 0.2487 | 0.4218
Bad Pixel 0.0321 0.0663 0.1346 0.2487 | 0.4218
Bad Region | 0.0330 | 0.0677 0.1331 0.2514 | 0.4137
NUCsig01 0.0308 | 0.0671 0.1399 0.2599 | 0.4234
NUCsigl 0.0288 | 0.0729 0.1462 0.2428 | 0.3763
NUCsig3 0.0245 | 0.0472 0.1114 0.2020 | 0.2916
0S10 0.0591 0.0971 0.1836 0.4637 1.0923
0S30 0.0576 | 0.0980 0.1667 0.3739 1.1134
Blur 0.0421 0.0784 0.1393 0.4107 | 0.7073

Figures 4-7 show the performance of each anomaly model
for each metric. Each of the figures shows a box and whisker
plot, where the mean value is shown as an orange horizontal
line, the extents of the box are at first and third quartiles of
the population, and the extents of the whiskers are at the 10"
and 90" percentiles of the population.

As can be seen in Figure 4, model F; score can vary
substantially across the applied image artifacts. The median
I score in each population sees a decrease from the baseline,
and in the case of the NUC and OS artifacts, larger degrees
of scaling factor/noise cause a larger shift in the median.
At the same time however, the upper and lower percentiles
of any anomaly distribution are much more resistant to the
performance effects of its anomaly. NUCsig3 and blur see the
largest overall decreases in Fj score, while bad region and
NUCsig01 see the smallest. Bad pixel is entirely unaffected.

Figure 5 shows the precision results for each of the modeled
cases. Both NUCsig3 and blur saw increases in median preci-
sion, although the lower quartile for blur dropped by 0.2. In the
case of the NUC artifact, median and lower quartile precision
decrease when a small scaling factor is applied (NUCsigO1,
NUCsigl) but actually increase from baseline when a larger
one is applied (NUCsig3). The smaller degrees of scaling
cause weakly confident vessel predictions to become weakly
confident non-vessel predictions, and the decline in true posi-
tives moves precision down. When the larger degree of scaling
is applied, all weakly confident detects decline leaving only
the very confident true positives. Precision increases in turn.

Figure 6 shows the cross entropy results for each of the
modeled cases. Interestingly, the NUCsig3 case shows an
improvement across the test image cases. Both the OS10 and
OS30 cases show substantially worse cross entropy perfor-
mance. Given the skewness of the data in favor of negative
samples, this suggests that the OS artifact is largely increasing
the number of overall vessel detects while the NUC artifact
is largely doing the opposite. This matches the changes in
precision and TPR discussed previously.

Figure 7 shows the TPR for each of the modeled cases.
0OS10 and OS30 both see slight increases in performance here,
while NUCsig3 sees a more significance decrease, particularly
in the median case. In the cases of bad NUC, it takes a
large scaling factor to cause a precipitous decline in TPR,
as NUCsig01 and NUCsigl are very close to the baseline. In
combination with precision, these TPR results would suggest
that the bad NUC artifact decreases likelihood of a sample
chip being detected as a vessel while bad offset increases it.
This is in agreement with the trends in cross entropy.
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IV. CONCLUSIONS

In order to characterize the impact of various EO sensor
calibration artifacts on the ability to detect vessels in imagery,
nine cases were examined across a set of sample imagery.
Baseline model performance is shown and found to meet the
expected relatively high levels of performance, showing it is
a suitable model for examining the impacts of the artifacts
identified.

The baseline model performance against pristine imagery
was compared to model performance given various artifacts
applied to the imagery. A subset of imagery in open-ocean
was specifically examined knowing the chosen CNN-based
model struggles misidentifying land features in littoral areas
as vessels.

Notably, the application of the NUC artifact with a A value
of 0.3 was shown to decrease overall probability of predicting
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a vessel as measured by the cross entropy, Fj score, and
precision. The application of the OS artifact with a A value of
10.0 was shown to likewise increase probability of predicting
a vessel across the same range of metrics. Otherwise the NUC
and OS artifact effects varied as the \ parameter varied.

The Gaussian blur artifact was shown to decrease model
performance for the vast majority of cases. This makes sense
as filtering out high spatial frequency information from the
imagery likely removes features, like ship edges, that would
otherwise be used in vessel classification.

Both the bad pixel and bad region artifacts show a minimal
difference from the baseline model performance. The lack
of deviation for bad region artifacts can likely be attributed
to the data examined in this paper. For bad region anomaly
injection, a region in the center of the image is dropped to
0 intensity. Given that low clutter-density open water chips
produce low softmax scores for the model evaluated, the output
softmax map should be unaffected by this anomaly if vessels
are not specifically located within the center region. On a per
image basis, bad region anomaly degrades performance in the
scenario with vessels present. However, the dataset examined
has vessels distributed across the entire areas of its images, so
as a collection, performance minimally decreases. In the case
of bad pixel, it’s likely that the density of dropped pixels across
the image was not enough to meaningfully alter the features
being extracted by the chosen ATR algorithm. Repeating this
experiment while varying the percentage of pixels being ran-



domly dropped could be interesting in identifying a threshold
at which performance reasonably depreciates.

The application of the NUC artifact with A 0.3 increased
precision at the cost of lowered recall. Overall the total number
of positive detects decreased with the ones remaining being
high confidence classifications, a similar effect to raising the
softmax threshold used for the binary classification. Further
work should seek to examine how this effect changes with
adjustments to the static threshold for binary classification.

This raises the question as to whether applying the NUC
artifact can in some circumstance improve CNN-based model
performance. Future work should seek to better characterize
this relationship. It may be feasible to either generically
improve performance, or at least improve clutter rejection
using similar methods to the applied NUC artifact.

Future work may also seek to understand whether these
typical artifacts may be mitigated by accounting for them
during CNN training.

Last, additional future work should also examine whether
these effects remain consistent across CNN architectures, or
whether each specific architecture is impacted differently.
This same experiment may be repeated with multiple model
architectures to determine whether these effects vary as a
function of the model architecture.

Overall, each imagery artifact examined showed varied im-
pacts upon CNN-based model performance. The demonstrated
range of impacts was substantial. As such, the impacts of
calibration artifacts on satellite mission performance should
be considered prior to operations.
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