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Abstract

Atmospheric visibility is an important and complex meteorological variable that di-
rectly affects safe and reliable transportation. Specifically, declining visibility can pose
an increased risk to automotive, aviation, and maritime traffic and operations. Tra-
ditional visibility sensors, e.g., those of the Automated Surface Observing Systems
(ASOS) network, are costly and designed for air traffic use, thus these visibility sensor
networks have limited coverage state-wide. In contrast, camera footage is highly avail-
able, accessible, and fairly inexpensive. While it is possible to construct a model that
detects a visibility measure for a single camera or location, this type of model is not
generalizable to new locations with varying physical features or different fields of view.

I propose a comparative visibility model that is generalizable solution to new loca-
tions. I train a convolutional neural network (CNN) that compares a query image and
a reference image that originate from the same camera, and determines the degree to
which the query image is less visible than the reference image. A query image from a
new camera can then be compared to a set of reference images with known visibility
distances from the same camera. These comparisons can then be used to infer the
query image’s underlying visibility distance. In addition, a model can be trained using
a set of locations that have different maximum visibility distances, fields of view, and
physical characteristics. The resulting comparative model can generalize to novel sites.
When combined with a small number of calibrated reference images for a given site,
visibility distances can be accurately estimated from previously unseen query images.
Results from a large combined NYSM/ASOS data set show that the models learned
using the proposed method are able to generalize to new locations. The approach is
successful in the comparative case and the numerical visibility prediction case. With

these outcomes, the model is also able to effectively monitor visibility over time.
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Chapter 1

Introduction

Atmospheric visibility is a vital meteorological variable that greatly influences and
impacts aviation, maritime, and automotive traffic. A reduction in visibility due to
fog, air pollution, or severe weather can lead to accidents and travel delays. Visibility
sensors, such as scatterometers or transmissometers, are powerful weather instruments
that can detect and monitor visibility for a specific location. They are mainly deployed
at airports to monitor visibility conditions for airplane take-off and landing. However,
they are expensive and current weather networks that leverage visibility sensors have
extremely limited coverage. For automotive and maritime applications, it is important
that a visibility sensing network is deployed over a large geographical region and con-
tains many sensors, e.g., statewide monitoring of highway corridors. Low cost video
cameras and closed circuit television (CCTV) systems are becoming ubiquitous and
available. Therefore, this work aims to detect and monitor atmospheric visibility from
camera images alone.

Visibility detection from monocular camera images is a challenging task. Although
humans make use of various monocular cues (e.g., semantic information) to estimate
the depth or distances in a scene, there is no inherent depth information in a 2-D camera
image. So, it can be difficult to identify the distance between different landmarks and
the camera. Also, reduced visibility conditions with the same measurement can look
radically different in the camera lens. Time of day, time of year, weather condition,

camera position, and temporary objects, like cars, can affect how a scene looks in



reduced visibility conditions. Furthermore, there is a lack of publicly available image-
based visibility data sets, since these data sets are propriety property or available
cameras are not co-located with visibility sensors.

Previous work trained deep learning models to estimate visibility by classifying im-
age visibility in “bins” or “classes” (Palvanov and Cho, |2019) or predicting a numerical
visibility value (Zou et al., 2021)). These models have not been explicitly shown to gen-
eralize to new locations. In addition, other work in the literature used deep learning
models to predict a relative visibility estimate by comparing pairs of images (You et al.,
2019; Xun et al., 2022). However, like other work, the efficacy of this approach has not
been demonstrated with camera images from novel scenes or locations.

Following [You et al. (2019) and |Zou et al.| (2021), I propose an approach with
three major contributions. One, I use deep learning to train a model that predicts
the comparative visibility between two images while ensuring that the models learned
can generalize to novel sites and learn in the presence of significant noise in the labels.
Two, I train these models using an orthogonalized cross-validation procedure, in which
each rotation is temporally and spatially independent. Training, validation, and testing
data are mutually exclusive sets of camera locations and years. Three, I translate a set
of comparisons between a curated reference set and a novel query image to a numerical
visibility estimate. The test set results show that the learned models can generalize to
independent test data, even when there is a significant number of mislabeled examples
in the training data.

There is a lack of robust visibility image data sets due to the high cost of visibility
sensors and the difficulty of maintaining traditional sensor networks. In this work, I
leverage two wide-spread and highly maintained weather networks, the New York State

Mesonet (NYSM) and the Automated Surface Observing System (ASOS) in order to



build a comprehensive data set that includes multiple locations, multiple years, and
varying weather phenomena.

Chapter [2| discusses how visibility is currently monitored, existing data sets, as well
as previous approaches related to determining visibility from camera images. Chapter
provides details about existing sources of camera images and visibility measurements
that were curated for this work. Chapter {4| outlines my novel approach to learn a
comparative visibility estimator, as well as a method to translate comparison proba-
bilities to a continuous or numerical visibility prediction. Next, chapter [4] documents
how reference images are selected for each location. Chapter [5|details the results of the
proposed comparative visibility estimator and the corresponding numerical visibility
predictions. Finally, Chapter [ highlights and discusses where the model performs well,
the limits of the work, and how characteristics of the data set influence how the model

learns and generalizes.



Chapter 2

Related Work

Automatic visibility estimation is a challenging problem that is studied for its var-
ious applications in aviation, maritime, and automotive traffic (Carley et al., 2021;
Amani et al., [2020; Mathew and Pulugurthal |2022). There exist many weather net-
works and monitoring systems to detect and report low visibility conditions, e.g., the
Automated Surface Observating Systems (ASOS) program (National Oceanic and At-
mospheric Administration, [1998)) and NOAA’s Physical Oceanographic Real-Time Sys-
tems (PORTS) (Edwing|, 2019). However, these networks are limited in their coverage
and deployment. Estimating visibility from images has become of great interest due to
the broad coverage and accessibility of cameras, such as webcams or CCTV systems.
Nevertheless, it is difficult to model visibility conditions from camera images in a gen-
eralizable way. Similar atmospheric visibility conditions can look completely different
due to location, time of day, time of year, and the cause of low visibility conditions.
Machine learning has shown to be a successful approach for modeling atmospheric
visibility and can provide a unified approach for translating camera images to useful
visibility predictions. In this chapter, I discuss the various causes of low visibility
conditions, existing data sets that capture atmospheric visibility changes, and the use
of computer vision and machine learning techniques to predict atmospheric visibility

from camera images.



2.1 Visibility Monitoring

Atmospheric visibility is defined by the American Meteorological Society as “the great-
est distance in a given direction at which it is just possible to see and identify with the
unaided eye 1) in the daytime, a prominent dark object against the sky at the hori-
zon, and 2) at night, a known, preferably unfocused, moderately intense light source”
or “the clarity with which an object can be seen” (American Meteorological Societyl,
2012)). Low visibility conditions can be caused by a wide variety of meteorological and
physical phenomena. Common causes include fog, precipitation, snow fall, or other
severe weather events. Because these weather conditions occur most often during the
winter, low visibility conditions caused by weather is closely correlated to specific times
of year. However, due to wide-spread environmental changes, atmospheric pollutants,
such as smog or haze, can cause low visibility conditions year round.

Low visibility conditions, whether from naturally occurring weather phenomena or
man-made pollution, pose a risk to all types of automotive, aviation, or maritime travel.
Many U.S. states have safety guidelines for driving in foggy conditions (New York State
Department of Motor Vehicles)), and [Mathew and Pulugurthal (2022)) demonstrated that
rainfall and low visibility had a negative effect on travel time reliability for roadway
drivers. Low horizontal visibility can pose a risk to aviators, and is associated with
aviation accidents (Carley et al., 2021). In addition, dense fog can be hazardous to
maritime travel, and can disorient even experienced boaters (National Weather Ser-
vice, |b). Because of this, various agencies have developed standards for collecting and

reporting visibility conditions.



2.1.1 Automated Surface Observing Systems

The Automated Surface Observing Systems (ASOS) program is a collaborative effort
between the National Weather Service (NWS), the Federal Aviation Administration
(FAA), and the Department of Defense (DOD) to provide support for meteorological
research, weather forecasting, and aviation activities. The ASOS program is comprised
of numerous weather stations distributed across the United States. Since the ASOS
program has an aviation focus, these weather stations tend to be co-located with air-
ports. These stations collect and monitor a wide variety of meteorological variables and
phenomena, for example, precipitation, wind speed, and visibility (National Weather
Service, a)).

Visibility measurements are collected by a forward scatter sensor and reported in
statute miles. Samples are collected at one-minute intervals, and a running harmonic
mean is computed across the last ten minutes. This has a conservative effect when
reporting visibility changes, which is preferable for aviation applications. When atmo-
spheric visibility is dropping rapidly, the harmonic mean is more responsive and more
quickly reports low visibility estimates. However, when atmospheric visibility is rising
rapidly, the harmonic mean is slower to reflect high visibility, thus more conservative
when reporting high visibility estimates (National Oceanic and Atmospheric Adminis-
tration, 1998). Although the ASOS visibility measurements do not always represent the
exact current visibility, they have been shown to be a reliable and reasonable reporting
of atmospheric visibility.

The ASOS network provides quality detection of visibility because atmospheric vis-
ibility has a huge effect on how aviators operate. The FAA provides different flight
categories and rules for how aviators operate based on the visibility conditions. Dif-

ferent flight categories are determined by the visibility in miles (Table [2.1)). Aviators



Flight Category Visibility (mi)
Visual flight rules (VFR) b<x
Marginal visual flight rules (MVFR) 3<z<h

Instrument flight rules (IFR) l<z<3

Low instrument flight rules (LIFR) <1

Table 2.1: FAA flight categories for visibility. (Carley et al., |2021; Bouhsine et al.,
2022)

Marine Forecast | Nautical Miles
Good S<z
Moderate 2<z<5h

Poor 0.5<zr<?2
Very Poor z <05

Table 2.2: International standards for describing reduced visibility in marine forecasts.
(National Weather Service, bl)

are able to use visual references during flight in higher visibility conditions, and are
limited to aircraft instruments in low visibility conditions. Maritime travel is affected
in a similar way and requires boaters to augment their operations based on the fog
conditions. Although alike, there are some differences in visibility grading between

aviation and maritime standards (Table [2.2).

2.1.2 The Mesonet

Although the ASOS weather stations provide invaluable sources of visibility estimates
with nation-wide coverage, stations are usually limited to airports. In addition, there
are no camera images associated with the ASOS network. However, in the United
States there exist robust state-wide weather networks, also called Mesonets. The
Mesonets are weather networks that were designed to facilitate mesoscale weather de-

tection and mitigate the harmful effects of high impact weather events (Mesonet; NYS



Mesonet|). Mesonet weather stations are equipped with numerous meteorological sen-
sors that measure conditions such as temperature, wind speed, and relative humidity.
These measurements are continuously collected at five minute intervals and monitored
for quality control (McPherson et al., [2007; Brotzge et al., 2020).

The New York State Mesonet (NYS Mesonet or NYSM) was commissioned by the
state of New York and the Department of Homeland Security and Emergency Services
to tackle the devastating effects of hurricanes, blizzards, ice storms, tornadoes, and
other severe weather. The network was designed, installed, and is currently operated
by the State University of New York (SUNY) at Albany. The standard site network
consists of 126 weather surface stations across the state of New York, with at least one
station being placed in each county (Figure .

In addition to the various meteorological sensors deployed at Mesonet stations, each
NYS Mesonet station is equipped with a small camera that collects images of the site.
The station’s camera is mounted on the weather tower approximately 2.5 meters above
ground level and generally pointed northward. The angle of the camera is designed
to capture the NYSM station gate entrance, the snow measuring stick, and ideally
incorporate equal parts ground and sky in the image (Figure . The collected images
are primarily used for data quality control, however, they are also used for monitoring
other pertinent changes such as visibility, cloud cover, precipitation, vegetation cover,
atmospheric phenomena, and even passing wildlife. However, many of these changes
are monitored manually by individuals observing the camera feed from the different
sites.

The images collected by the camera are captured and stored in RGB format during
the “daytime” and grayscale format during the “nighttime.” Daytime and nighttime

are determined automatically by the camera using the magnitude of the light falling on



NYSM Stations

Figure 2.1: Map of New York state with NYSM standard site locations.

the camera’s sensor. Moreover, the camera collects a RGB image when there is enough
light in the lens and a grayscale image is taken using the camera’s infrared capability
when there is minimal or no light. RGB images are taken at five minute intervals
during the daytime and grayscale images are taken at one hour intervals during the

nighttime.



Figure 2.2: Glen Falls station in the October of 2020. The purple box highlights the
gate entrance to the station and the green line represents the approximated horizon
line.

2.2 Synthetic Visibility Simulations

Since fog has a hazardous effect on roadway conditions, visibility estimation is particu-
larly important for camera-based driver assistance systems or autonomous self-driving
efforts. A few synthetic data sets have been developed to support related efforts such
as visibility enhancement, road segmentation, and depth estimation. Although origi-
nally designed to serve automated driving efforts, these data sets are used as standard
bench-marking tools to determining the efficacy of image-based visibility estimation
approaches.

The Foggy Road Images DAtabase (FRIDA) is a collection of computer simulated

road environments, where artificial fog was applied to emulate different fog condi-

tions (Tarel et al. 2012a)). The formulation of Koschmieder’s law (Middleton, 1952)

used to generate the FRIDA data set is as follows:

L(u,v) = Lo(u,v)e F 4w 4 1, (1—e* d(”’”)) , (2.1)
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Figure 2.3: Scene 3 in the FRIDA data set: (a) original scene and (b) the depth map

in meters (Tarel et al., 2012a).

where L(u,v) is the apparent luminance of the object, Lo(u, v) is the intrinsic luminance
of an object, d(u,v) is the distance of the object at pixel (u,v), L is the luminance of
the sky, and k is the extinction coefficient of the present fog.

In total, 18 unique scenes were captured in 640 x 480 color images and depth maps
(Figure . Four different fog types were applied to each of the scenes to simulate a
visibility distance of approximately 85.6 meters. “Uniform fog” (Figure 2.4a) was gen-
erated using Koschmieder’s law to produce a visibility distance of exactly 85.6 meters.
“Heterogeneous k fog” (Figure was similar except the extinction coefficient, k,
was weighted differently depending on pixel position using Perlin’s noise. Perlin’s noise
is a type of gradient noise often used in computer graphics to create image textures.
The authors use Perlin’s noise here to emulate the non-uniformity of real world fog.
“Heterogeneous Lg fog” (Figure was where the underlying sky luminance, L,
was weighted differently using Perlin’s noise, as well. “Heterogeneous k and L fog”
(Figure had both k and L, weighted using two independent Perlin’s noises. In
total, the FRIDA data set is composed of 90 images, 18 original unaltered images and

72 images augmented with fog.
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Figure 2.4: Different fog types applied to Scene 3 in the FRIDA data set, (a) Uniform
fog, (b) Heterogeneous k fog, (c¢) Heterogeneous L fog, and (d) Heterogeneous k and

Ly fog (Tarel et al., 2012a).
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The second iteration of the data set, known as FRIDA2, consists of 66 unique
roadway scenes (Tarel et al., 2012b). Like the original FRIDA data set, depth maps
of the scene were included, as well as images augmented using the same four different
types of fog used in the original FRIDA data set. However, for this data set the
visibility is reduced to approximately 80 meters. In total, the FRIDA2 data set is
composed of 330 images, 66 original unaltered images and 264 images augmented with
fog.

The Foggy ROad Signs Images (FROSI) data set is another collection of synthetic
computer generated scenes for visibility algorithms and research purposes. The FROSI
data set is especially targeted toward self-driving or automated motor systems. As a
result, the FROSI data set focuses on one distinct street-view scene. The variation in
the data set comes from four sources: the different street signs, the camera angle and
height, the camera position along the street, and the different levels of fog applied to
the scene. Only uniform fog was applied to each of the images, however, the fog was
applied in 8 gradations from 50 meters to full visibility (Figure . In the FROSI
data set, there are 168 unique sign heights, and camera position variations. In addition,
there are three different road signs and 8 visibility gradations. In total there are 4032

distinct images in the data set.
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(2)

(h)
Figure 2.5: Different fog levels applied to a static scene in the FROSI data set, (a) 50

meters, (b) 100 meters, (¢) 150 meters, (d) 200 meters, (e) 250 meters, (f) 300 meters,
(g) 400 meters, and (h) no fog (Belaroussi and Gruyer), 2014).
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2.3 Visibility Estimation from Camera Images

While there exist many efforts to monitor and record visibility using sensors or human
observations, these methods are restricted by the locations of the sensors or require
man-power for manual labeling. These limitations negatively impact the availability of
large-scale coverage of visibility estimates. In order to increase broad access to visibility
estimates, there has been a strong and consistent research effort to estimate visibility
from camera images. The estimation can be framed as a regression problem, where
models predict the visibility distance depicted in an image, or as a ordinal classification

problem where models determine the visibility range that the image falls into.

2.3.1 Traditional Computer Vision Techniques

Traditional computer vision techniques mathematically represent features in order to
translate inputs to outputs in a direct and efficient algorithmic way. Low visibility
conditions can cause significant visual changes to the appearance of a scene. This is
especially present in camera images, where visual landmarks can be altered or com-
pletely obscured by fog or pollution. |Hallowell et al.| (2007)) describe an edge detection
approach wherein a Sobel Filter is used to extract the edges of buildings, structures,
and landmarks of scenes. A Sobel Filter is often utilized in computer vision for edge
detection and image segmentation algorithms. It emphasizes or strengthens regions of
high spatial frequency in the image, which correspond to edges. Their approach was
evaluated on camera images from the Utah Department of Transportation (UDOT)
with corresponding ASOS visibility measurements.

A composite image is first created to represent a highly visible clear day scene.
This composite image is the running average of the edges extracted from the most

recent clear day images. The composite image is used to remove “unexpected” edges
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from incoming images. This process removes edges associated with traffic, snow piles,
leaves, etc. From there, the magnitude of the edges in the image is calculated using a
Fast-Fourier Transform and then summing the absolute value of all the pixels in the
image. This magnitude has a linear relationship with visibility, so if this magnitude is
high, the visibility is high, if the magnitude is low, the visibility is low. The authors use
a linear model in order to translate input image’s magnitude into a visibility distance
estimate. Visibility is binned into 4 different classes (<1 mile, 1-5 miles, 5-10 miles,
and > 10 miles). The critical success index (CSI) is computed for each of the ranges,
as defined below:
TP

I = 2.2
¢S TP+ FP+ FN'’ (2:2)

where true positive, TP is the number of images correctly classified as in the target
visibility bin, false positive, F'P is the number of images that were falsely identified to
be in the target visibility bin, and false negative, F'N is the number if images that were
falsely identified to be outside the target visibility bin. The CSI over all the visibility
bins was 61%), however, images with a visibility of less than 1 mile had a CSI of 53%.
One of the main reasons for their poor performance on the Utah DOT data set was
the frequent shifting of camera position which would cause misalignment between the
composite image’s edges and input image’s edges.

Carley et al. (2021) produced a similar algorithm, called Visibility Estimation
through Image Analytics (VEIA), in order to determine the visibility distance esti-
mate and FAA visibility class from a camera image. Like Hallowell et al.| (2007)), the
VEIA algorithm uses a Sobel Filter to extract edges. The composite image is again a
composition of recent clear day images. The algorithm measures the ratio of the sum of

extracted edges from the input image to the sum of extracted edges from the composite
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image. This ratio passed into a linear model to produce a visibility prediction in miles
for the input image. The VEIA algorithm was developed using images from the FAA
network of camera sites in Alaska and METAR visibility observations. METAR, also
known as METeorological Aerodrome Reports, is a format used for reporting weather
conditions that is often used by aircraft pilots and meterologists. Visibility was binned
into the four different FAA flight categories (See Table 2.1)). The VEIA algorithm
performed well on images depicting high visibility conditions, VFR or MVFR, with a
CSI greater than 85% and 60% respectively. However, the algorithm struggled with
images depicting low visibility conditions, LIFR, with a CSI of less than 40%.

Statistical image-processing techniques from de-hazing efforts can be used to iden-
tify and describe visibility phenomena in camera images. He et al.| (2011) observed
that most non-sky regions of clear-day outdoor images often had pixels with very low
intensities in at least one color channel. The amount of these “dark” pixels could be
used to characterize the amount of light in the scene that is not scattered, but instead
that reaches the camera. This pixel intensity measurement, also known as the “Dark
Channel Prior” (DCP), can be calculated horizontally over various sub-images of a
scene in order to infer the transition between ground and sky in the image. DCP was
originally designed for de-hazing images, however, it can also be used to identify and
characterize the amount of fog in an image. In clear images, the DCP changes sharply,
going from regions containing ground to regions containing sky due to the clear horizon
line (Wauben and Roth, 2016). However, in foggy images, where the horizon line is
unclear or obscured, the DCP changes slowly and smoothly from the ground to sky
sub-regions.

Edge detection can be used in combination with DCP in order to calculate global
image features for visibility classification. Zhao-zheng et al.| (2009) used an edge detec-

tion like Hallowell et al.| (2007) however they focused on specific visual targets, such as
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road lane boundaries. The atmospheric contrast between objects and the background
were used to fit a non-linear model in order to a estimate a visibility distance. |[Wauben
and Roth| (2016)) explored different methods for estimating visibility from camera im-
ages. One approach described was landmark discrimination where landmarks with
known distances from the camera are identified. Edges are extracted from novel in-
put images and clear day images using a Gaussian convolution. A threshold for edge
strengths is empirically determined from the clear day images. If edges from landmarks
in the input images do not meet this threshold, those landmarks are determined to be
non-visible. The visibility range for the overall scene is deduced from the maximum
distance to any visible landmark.

However, this approach requires input images to be labeled with landmarks and
their respective distances, so authors also explored extracting global image features,
such as the average number of edges present in the image, the DCP ground-to-sky
transition or change point, and average brightness. Two methods were trained and
evaluated on a set of images from the same location. A decision tree was fitted using
the average number of edges and DCP change point and determined the presence or
absence of dense fog (fog less than 250 meters). The decision tree achieved a probability
of detection of 100% and a false alarm rate of 6% on the evaluation set. A regression
model was fitted with the addition of average brightness. When distinguishing between
the presence or absence of dense fog, the regression model was able to correctly identify
dense fog with a probability of detection of 98% and a false alarm rate of 18%.

Image processing techniques and traditional physics-based models can be used in
combination to identify and describe visibility phenomena in camera images. Informa-
tion entropy theory has been adapted for image-processing to measure fog and haze in

expressway corridors (Cheng et al., 2018). Furthermore, the extinction coefficient in
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Koschmieder’s law can be empirically estimated from a distribution of images. The ex-
tinction coefficient can then be used in combination with the DCP in order to aid scene
visibility estimation (Li et al., [2019a; [Yao and Huang, 2022). However, the extinction
coefficient can be sensitive to lighting conditions and surface reflection, therefore Babari
et al.| (2012) use the texture contrast between various objects in the image to account
for the variations of illumination in the scene. However, it is not clear if these ap-
proaches can generalize well to novel locations with completely different compositions
or fields of view.

Some approaches take a preemptive approach to improving camera-based visibility
estimations. |Qin and Qin/ (2020) used a laser to measure current atmosphere trans-
missivity in order to improve visibility predictions from camera images. |Wang et al.
(2020) introduced three boards to be within frame of camera images. These target
boards exuded difference color luminance values, and were used to improve applica-
tions of Koschmieder’s law by standardizing the inherit brightness and luminescence of
objects in the scene. Although useful, these approaches require additional equipment

and maintenance for deployment.

2.3.2 Non-Convolutional Deep Learning Approaches

Extracting simple image features is not enough to handle the complex variation of low
visibility conditions. High spatial frequencies are not the only cue that distinguishes
visibility conditions. The research community has leveraged advancements in deep
learning and computer vision to automatically extract complex features and robustly
detect visibility from camera images.

Chaabani et al.| (2017)) explored using an artificial neural network (ANN) in order
to predict numerical visibility ranges from camera images. The authors compressed im-

ages into a feature vector image descriptor, using a Fourier Transform to capture the
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power spectrum of the image. Subsequently they apply Principal Component Analysis
(PCA) to produce a vector of 201 values as input to the model. They trained and
evaluated their model on the FROSI (Belaroussi and Gruyer, 2014) synthetic roadway
data set. They compared their approach to a formulaic technique of comparing mini-
mum of maximum pixel intensities of the image. In the end, their approach achieved

90.2% accuracy, while the formulaic approach achieved 62% accuracy.

2.3.3 CNN-Based Approaches

Convolutional Neural Networks (CNNs) are a specialization of ANNs that have been
widely successful for computer vision applications. They are a powerful set of archi-
tectures that have demonstrated an ability to extract useful patterns from image data.
CNNs use filters with learned weights in order to extract pertinent spatial features in
the input. Subsequent layers of convolution hierarchically combine the spatial features
together, extracting fundamental curves, corners, and shapes. While simple image
filters, such as the Sobel filter, are able to extract useful edges of a specific spatial
frequency, the complex phenomena in RGB images require a more robust framework
for extracting patterns within image data. CNNs provide the structure for learning
sophisticated features from diverse and varied data sources. Due to the continued suc-
cess of CNNs, they are also used for developing models that can determine visibility
from camera images.

Cho and Palvanov| (2019) trained a CNN to grade the visibility of daytime images
from seaside surveillance cameras in South Korea with respect to 21 different visibility
classes. These classes range from 0 to 20,000 meters with 1000 meter increments. The
CNN tested for this approach was quite shallow with only two layers of convolution.
The authors reported the shallow architecture was a design choice to avoid over-fitting

to the data set. Additionally, various forms of image augmentation were applied to
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the input images, such as image rotation, flip, translate, and zoom, as well as, others
modifying contrast, brightness, sharpness, and color. Their model achieved over 86%
accuracy on the training set. There was no reported accuracy on the test set.

Although CNNs are useful on their own, specific data augmentation techniques
can provide additional benefit to the model. In [Palvanov and Cho| (2019), the authors
observed that the edges of landmarks in an image can be extracted using a Fast Fourier
Transform (FFT) filter, and the fog or haze within the scene can be characterized
mostly in the blue color channel of the RGB images by using a Spectral filter. They
pipe the original image, the FF'T filtered image, and the 2-D Spectral filtered image
as three different branches of input into their CNN. The output of their model has
a number of categorical classes that represent visibility ranges instead of a numerical
visibility estimate.

Two different data sets were used for training and evaluating their models. The
synthetic FROSI data set was used as a benchmark, and an additional real-world data
set, Foggy Outdoor Visibility Images (FOVI), was collected to demonstrate the real-
world application of their approach. The FOVI data set was curated from more than 3
million CCTV camera images with associated visibility values from co-located visibility
sensors. These images where collected over 20 years and originated from 26 observations
stations of the South Korea Meteorological Administration. The FOVI data set was
further refined into a short-range and long-range task characterizing distances up to
1,000 meters and 20,000 meters respectively. The training, validation, and test sets
were randomly partitioned with 70%, 10%, and 20% of the data respectively. This
approach achieved a 94% accuracy on the FROSI test set, a 91.3% accuracy on the
long-range test set, and a 89.5% accuracy on the short-range test set. Like many other
approaches, since the training, validation, and test partitions are randomly assigned,

these accuracies represent how well the model can perform on locations that it has seen
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before. Due to this, there is no indication whether this approach can generalize to new
locations.

Zhang et al.| (2023) highlight the relationship between the depth of scene, how the
fog degrades the image, and the scene visibility itself. The authors integrate physical
constraints into their model in order to assure a robust solution. The authors develop a
three part model called DQVENet that consists of a Transmission Estimation Module,
a Depth Estimation Module (DEM), and an Extinction Coeffient Estimation Module.
The Transmission Estimation Module (TEM) estimates the transmission map of a
single image. When modeling atmospheric scattering, the transmission map describes
the portion of light that is not scattered by atmospheric particulate and reaches the
camera (Cai et al., 2016). The transmission map is important to image de-hazing
techniques, however, in this case, the TEM module models the impact of fog on the
image. The Depth Estimation Module (DEM) extracts the depth of the image at
every pixel and models how far away certain landmarks are in the scene. Both the
TEM and DEM are built using a U-Net based approach. U-Net is a convolutional
neural network that was originally designed for image segmentation, however, has
been successfully applied to other tasks such as image reconstruction or pixel-wise
classification (Ronneberger et al., [2015; Mizusawa et al.| |2021; Pan et al., |2020). Once
the transmission map and depth map for a scene are computed from the TEM and DEM
modules, the maps are concatenated and passed through the Extinction Coefficient
Estimation Module (E3M) to predict a final visibility value. E3M consists of a pre-
trained DenseNet (Huang et al., [2016)), with the last classification layer replaced with
a regression layer.

For the training data, the authors used 3,236 manually cleaned traffic images from
high-speed road cameras. These images were labeled with visibility observations from

the nearest meteorological station. For each camera and meteorological station pair,
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the sites were within approximately 500 meters of each other. The DQVENet is trained
using three steps. TEM and DEM modules are pre-trained using an image de-hazing
data set and a depth estimation data set, respectively. The TEM and DEM modules
are then frozen and combined for training the E3M module. In the final step, the entire
DQVENet is fine-tuned with a small learning rate. The authors reported the model’s
performance using the correlation between the ground truth visibility distances and
the model predicted visibility distances. Overall, the model achieved a correlation of
0.7237.

Numerical visibility prediction is a challenging task, especially if input images are
from previously unseen locations. It is difficult, or at times impossible, to extract the
dimensions or distances of objects from a 2D image accurately. Instead of training a
model to learn absolute visibility, You et al.| (2019)) trained a model to learn the relative
visibility of two images. The authors proposed a CNN-RNN model where the CNN
learns the overall visibility of a image and the RNN (or Recurrant Neural Network)
extracts the area of the image that depicts the furthest discernible distance present in
the scene. The CNN-RNN module outputs a feature vector, and these feature vectors
are used by a support vector regression machine to output a relative visibility score
between 0 and 1. The model was trained on over 30,000 online curated images with
human annotations as to which images were more or less visible than the other. In
the final evaluation, the model was fine-tuned on a small real-world data set of 3,146
images, where 60% of the images were used for training and 40% of the images were

reserved for testing. The model achieved a test set regression error of 0.19 kilometers.

2.3.4 Transfer Learning Approaches

Reliable and robust visibility image data sets are difficult to create and acquire. Some

researchers turn to transfer learning as a way to combat the limitations of small data
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sets. |Li et al.| (2017) used expert visibility observations from the Hong Kong Observa-
tory and images from a nearby web-cam to create a database of 1,003 visibility-labeled
images; 703 of the images were selected for training and the rest were reserved for test-
ing. In addition, images were cropped to highlight areas of the images that captured
landmarks that were furthest away from the camera. The authors train a two-part
model. Firstly, they used AlexNet pre-trained (Krizhevsky et all 2012) on ImageNet
as a feature extractor. Secondly, they used a generalized regression neural network
(GRNN) to produce the final numerical visibility prediction. The authors reported an
accuracy of 77.9% on the training set and 61.8% on the test set. They suggested that
the poor performance of the model was due to the low image resolution after cropping.

Li et al.| (2019b) also collected data from the Hong Kong Observatory. In total, the
authors used 5,511 images and corresponding visibility measurements collected by a
forward-scattering visibility meter. These image and visibility pairs were used to train
and evaluate a model to produce visibility predictions. 4,078 images were randomly
selected for training and 1,433 were reserved for testing. The authors use a pre-trained
image quality assessment deep convolutional neural network (Bosse et al., 2018) as a
feature extractor. Each image is split into 9 sub-regions and processed by the feature
extractor. The feature encoding for each of the sub-regions are then fused with Support
Vector Regression in order to predict a numerical visibility value for the image. In this
work, the model was more successful with an overall correct detection rate of 93.86%
on the test set.

Li et al.|(2021) also used data from the Hong Kong Observatory and built a database
of 4,841 images with corresponding visibility measurements from expert observations.
Images were pre-processed by applying gray averaging, gaussian blur, and an adaptive
threshold to segment each image. Finally, each image is split into 5 different sub-regions

which are processed by a pre-trained feature extractor. The extracted features are then
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to passed to a Support Vector Regression model to finally output a numerical visibility
value. The authors tested a variety of pre-trained networks such as VGG-16 (Simonyan
and Zisserman, 2014), VGG-19 (Simonyan and Zisserman) 2014), DenseNet (Huang
et al, 2016), and ResNetb0 (He et al. [2015)). Like Li et al.| (2017) and [Li et al.
(2019b)), the training and test sets were randomly divided resulting in 3,630 images
selected for training and 1,211 reserved for testing. In the end, the authors evaluated
their results by partitioning the visibility distances into 5 bins (0-10km, 11-20km, 21-
30km, 31-40km, and 41-50km). The authors report an overall accuracy of 90.32% on
the test set.

In these approaches, transfer learning is demonstrated to be a useful tool in the
absence of a larger and robust data set. Authors managed to achieve over 90% accuracy
on less than 2 months of training data (Li et al. 2021). However, across these studies
only one location was used per data set. In addition, these data sets were manually
cleaned. Often times the training, validation, and test sets were randomized, so there
was no temporal independence between the sets. This limits the applications of this
work where results are not demonstrated on novel years and restrict the deployment
of these models to specific locations.

In some domains, such as aviation, categorical visibility classes are more informa-
tive than numerical visibility values. In Bouhsine et al. (2022), various deep learning
approaches were used to predict the FAA visibility conditions (Table . The au-
thors fine-tuned three models pre-trained on ImageNet (Deng et al., 2009) (VGG16,
ResNet50, and DenseNet) and a Vision Transformer built and trained from scratch.
The data set was collected by the FAA and consists of 27,746 images. Like many visi-
bility data sets, it suffered from a lack of low visibility examples (LIFR). The data was
divided in 80/20 split for training and validation. DenseNet was the best performing

model on the validation set with a 98.5% accuracy, however, the vision transformer
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provided similar results. Like many of the data sets collected for visibility applica-
tions, there is autocorrelation between the training, validation, and test sets, so high
accuracy is expected. Like the other transfer learning methods, high accuracy may
suggest good performance on locations already represented in the data set, however,
does not imply generlizability to new locations.

Mi et al.| (2020)) optimized YOLOvV5 (Jocher et al., 2022)) to automatically detect the
visibility of a camera video. In their method, YOLOV5 is used to identify landmarks
in the camera frame, then their method uses a camera imaging model to calculate the
distance of these landmarks, and finally determines the visibility estimation from the
distance of the furthest identifiable landmark. The camera imaging model requires
prior information about the camera site, such as the height and angle of the installed
cameras. The data set was comprised of 2,000 images from a single city airport and
were divided into a training and testing set with 80% and 20% of the data respectively.
The model was able to achieve a recall rate of 100% and a precision rate of 90% on
the training set. Like other approaches, this architecture relies on prior knowledge
of a given scene. Even more so this approach requires information about the camera
deployment itself.

Many approaches show impressive results on their respective test sets. The models
appear to learn how to distinguish between different visibility conditions. However,
many approaches randomize their data sets which caused temporal autocorrelation be-
tween the training, validation, and test sets. This could be problematic when camera
images are sampled frequently, such as every five minutes. Many approaches use im-
ages from cameras that were deployed with the intention of capturing and monitoring
weather phenomena. Often times, the scenes and locations captured by these cam-
eras do not change substantially in composition, so extremely similar examples could

be represented in the training, validation, and test sets. In addition, low visibility
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conditions are usually quite uncommon compared to the frequency of high visibility
conditions. For example, in |Li et al.| (2019b), the test set had 1007 images that had
a visibility distance between 2 and 10 kilometers, however, only had 39 images that
had a visibility distance between 0-0.5 kilometers. In addition, low visibility examples
could come from the same weather events, so the models may be over-fitting to specific
low visibility events, rather than achieving a generalizable notion of what low visibility
looks like. Furthermore, the vast majority of these approaches do not evaluate their
approach on images from a completely novel locations. These approaches demonstrate
good performance on previously seen locations, however, their generalizability to new

locations remains untested.
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Chapter 3

Data Set Collection & Analysis

When estimating visibility from camera images it is important to have a well-defined
robust data set that encompasses multiple locations and various visibility conditions.
In previous work, independent groups have accessed existing meteorological data sets
or sourced and labeled new data sets. However, many of these data sets are privately
available, focus on short-range visibility tasks, consist of only one location, or contain
only a few thousand labeled images (Bouhsine et al.| 2022; |Belaroussi and Gruyer,
2014; [Palvanov and Cho| 2019). Due to the lack of available visibility-labeled camera
image data sets, I utilize a combination of publicly available and privately available
data sources to build my own.

In New York State, ASOS towers monitor and record visibility measurements across
the state, but these towers do not have cameras. Conversely, the New York State
Mesonet stations collect camera images of its site, however, do not have dedicated
visibility sensors. In this section, I will describe how I synthesize individual data
sources to create a unified visibility-labeled camera image data set for deep-learning

model building, training, and evaluation.
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3.1 Automated Surface Observing System (ASOS)
Visibility Measurements

As described in Section the ASOS network is a vital and useful weather network
targeted toward aviation applications. Due to the hazard of low visibility conditions,
the ASOS network collects and provides quality visibility measurements at many of
its sites. These visibility measurements are useful for performing automated labeling
of camera images taken nearby. In this section, I will discuss how I access the ASOS
visibility readings and how I pre-process them to be automated labels for camera
images.

Sensor readings and measurements from the New York State ASOS network are
publicly available online (Iowa State University). There is data from 52 different ASOS
stations available for download. Some stations have visibility reports going as far back
as 1949. Over the years some stations have been decommissioned, leaving 49 of them
currently active, as shown in Figure Since the first New York State Mesonet station
was commissioned in 2016, I removed all ASOS stations that were decommissioned
before 2017. This filtering step assures that all visibility data occurred in the same
time period as the NYS Mesonet data.

Unlike the regular sampling of the NYS Mesonet, the frequency of visibility mea-
surements can vary widely. The New York City (NYC) ASOS station has visibility
measurements for every hour of the day and the Potsdam (PTD) ASOS station has
visibility measurements for every 20 minutes. However, many stations have visibility
measurements for every 5 minutes. The data is already cleaned and missing values are

easily filtered out. However, it is is important to recall that the ASOS network does
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e ASOS Stations

Figure 3.1: Active ASOS sites with publicly available data.

not equip cameras for each of their towers. This data set is used in conjunction with

other image data sources like the New York State Mesonet.
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3.2 New York State Mesonet Camera Images

As described in Section [2.1.2] the New York State (NYS) Mesonet is a large and
robust weather network that monitors state-wide weather conditions. Although the
NYS Mesonet collects data on a wide array of meteorological phenomena, the NYS
Mesonet towers are not equipped with a visibility sensor. However, the images that
are collected are high-quality and provide the basis for this work’s data set. In this
section I will describe how I process the data set in preparation for model training and

evaluation.

3.2.1 Ambient Light and Image Mode

As described in Section 2.1.2 RGB images are generally designated to be “daytime”
and grayscale images are generally designated to be “nighttime”. However, there are
some stations whose data deviate from this rule. For these stations, RGB images do
not always represent daytime images and grayscale images do not always represent
nighttime images. Hyper-urban stations, such as the one located in Queens, have
activity and lights in view all day and night. For the Queens station, in particular,
there is rarely a time where the scene gets dark enough to trigger the infrared mode.
As demonstrated in Figure 3.2, a true nighttime image for the Queens station can look
very similar to an image with daytime mode conditions.

Conversely, if a camera produces a grayscale image, it does not guarantee that it is
a truly nighttime image. As seen in Figure [3.3] the left image was taken approximately
one hour after sunrise, however, it was collected as a grayscale image. The right

image is from the same station on the same day, only collected five minutes later. In
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Figure 3.2: Queens station in the April of 2017. Both of these images were collected
at 12:00am local time, however image (a) was collected two days before image (b).

Figure 3.3: Elmira station in January of 2018. Image (a) was collected 8:35am local
time and image (b) was collected five minutes later at 8:40am local time.

this situation the camera’s sensor does not work exactly as expected and occasionally
captures daytime images in grayscale.

Although the NYS Mesonet stations collect images during the day and night, the
nighttime images have a significant reduction in image quality and detail. This is due
to the camera’s infrared capabilities, where grayscale images are collected when there is
less light falling on the camera’s light sensor. Similar visibility for a particular station
can look drastically different if the image was collected during the day versus during the
night (see Figure. In the night, certain landmarks can be obscured by the darkness
and light sources that were previously not visible in the day become focal points in the

image. Furthermore, the RGB and the grayscale images represent fundamentally two
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different distributions of data. Due to the above concerns, I omit nighttime images
from the data set and focus on estimating visibility for daytime images only (details
in Appendix .

In order to provide additional quality assurance to the daytime images, I filter
the NYS Mesonet images by daytime or sunlight hours. Based on the latitude and
longitude of the NYS Mesonet station, I use the associated sunrise and sunset time
for a given day that an image was takenﬂ (details in Appendix . If the image’s
timestamp is outside the sunrise and sunset times, it is considered nighttime and if
the timestamp is within the sunrise sunset times it is considered daytime. With this
sunlight filtering, we guarantee that the RGB images gathered exclusively represent

daytime scenes.

3.2.2 Image Defects and Data Continuity

Given that the NYS Mesonet is a large network, it is inevitable that there are oc-
casional issues and inconsistencies with the collected data. These issues range from
momentary occlusions to shifts in the camera position that affects years of data. One
such temporary issue occurs during severe weather events when the camera lens may
become blurred or occluded by particulate. This particulate could be from a number
of sources such as snow, moisture, or leaves (Figure . However, when the camera
occlusion is just moisture, one can typically still visually see important features in the
scene for estimating visibility (Figure [3.6)).

A more persistent issue is that the camera angle, orientation, or view may shift over
time. This can be due to slight changes, such as the camera tilting or shifting, or can be

more drastic, where the camera view is in a completely different direction than before.

1Used the Python package suntime (https://github.com/SatAgro/suntime)
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(a) 4:15am EST (local time) (b) 1:15pm EST (local time)

Figure 3.4: Images from the Potsdam station on May 21st, 2022. Image (a) was
collected at 4:15am local time and image (b) was collected at 1:15pm local time. Both
images have the same reported visibility of 10 miles.

(a) (b)

Figure 3.5: Two occluded images from the Batavia station where the left depicts a
total occlusion of impacted snow (a) and the right depicts a build up of water droplets
or moisture on the lens (b).

When the camera’s tilt changes slightly, the horizon line might not appear level across
the image. When the camera has shifted, it can include more of the scene to the left or
right, or perhaps include more of the ground or sky. Specifically the camera’s position
may drift over time, as demonstrated in Figure At the Glen Falls station, there
is a clear shift in the camera orientation, however, at the Potsdam station the camera
position shifts only slightly. The different camera angles within the data set represent
a pertinent variation to the data that is important for downstream deployment and

usage, so they are not removed or rectified in the data set.
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Figure 3.6: Image from the Batavia station with moisture build up on the lens circled
in red.

However, the drastic changes to camera orientation are not acceptable in this con-
text. Although uncommon, cameras may be re-positioned to avoid certain landmarks
or to include other interesting scenery. This can prove difficult if we want fairly static
scenes or landmarks in view. This violates the key assumption in the comparative
approach, that the query and reference images should depict the same scene, just with
different visibility conditions.

One example of this is the Manhattan site, where on June 21st 2018, the camera was
positioned in a completely different direction (as shown in Figure . The previous
position captured mostly the rooftop of a building. Whereas the new scene captures
more of the city skyline and sky itself. For the Manhattan station, we exclude all images
taken before June 22nd, 2018 in order to assure that all images from this station are
relatively consistent in perceptive and composition.

Another example is illustrated by the Buffalo site where, in 2021, solar panels were
installed at the location (Figure [3.9). The solar panels were installed over the course
of 5 months from February to June of 2023. This dramatically changed the landscape
of the Buffalo location perhaps impacting how visibility is characterized. However, the
far tree line is maintained, so currently all years of data from this station remain in

the data set.
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(a) Potsdam, July 2016 (b) Potsdam, July 2022

; . 5 DT 4“';? \
(c) Glen Falls, March 2017 (d) Glen Falls, July 2022

Figure 3.7: Images from the Potsdam and Glen Falls Mesonet stations where the left
column is images taken during their first year established and right column is images
taken from last year in the data set.
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(a) Manhattan, July 2017 (b) Manhattan, July 2022

Figure 3.8: Manhattan site where (a) was the original camera view and (b) is after the
re-positioning.

(a) Buffalo, March 2017 (b) Buffalo, June 2022

Figure 3.9: Buffalo station where (a) was collected in the first year of the stations
deployment and (b) was collected after solar panels were installed.

3.2.3 Data Quantification

The first NYS Mesonet station was deployed in 2015. The standard network has
grown incrementally and now consists of 126 unique stations. This means that differ-
ent stations have collected a different number of images based on when the site was
commissioned, amount of average light at the location, and different sunrise and sun-
set times. For this work I focus on ten specific stations in the NYS Mesonet Network.
Justification for this decision is given in Section

Each station has a unique deployment date. This impacts the total number of

images collected for the first year of operation, and is reflected in our total image
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counts per year by station, as shown in Table[3.1] Most stations collect approximately
65,000 images per year. In total, there are 4,064,673 images available for these 10
stations.

However, due to the concerns detailed in Section [3.2.1] I filter our data set to only
include true daytime images as depicted by Figure |3.10l First, I filter by image color
format and retain only the RGB images. Secondly, I filter by calculated sunrise and
sunset times and retain all images that were taken after sunrise and before sunset.
After filtering for just RGB images, the total number of images in the data sets is
significantly reduced as seen in Table 3.2 The total count of available images drops
from 4,064,673 to 3,516,075 (a 13% reduction in data set size). This reduction is
mainly due to the one hour collection interval for grayscale images versus the 5 minute
collection interval for RGB images.

However, if we look at how many grayscale images each station collects per year,
as shown in Table the Manhattan (MANH) and Queens (QUEE) stations rarely
or never collect grayscale images. This is due to their hyper-urban location, where the
scene is rarely dark enough to trigger grayscale image collection.

In order to truly filter out all the nighttime images, we can further filter the RGB
images by extracting all images taken after sunrise and before sunset, as described in
Section [3.2.1] The result of this process is shown in Table 3.4 The sunrise and sunset
filtering reduces our overall data set size to 3,180,923. It is important to note that most
stations collect around the same number of images each year, however, after filtering
for just RGB images the Manhattan and the Queens stations have disproportionately

more images because the grayscale mode rarely gets triggered due to the unique urban
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BATA | BUFF

ELMI | GABR | GFAL

JOHN

MANH

PENN

POTS

QUEE

2022

69,043 | 67,298

68,056 | 69,322 | 69,322

69,378

68,970

68,578

68,636

68,851

2021

66,579 | 66,190

62,865 | 66,390 | 66,389

66,543

66,221

65,822

65,910

66,160

2020

65,435 | 64,832

64,298 | 63,004 | 64,828

65,334

53,317

65,327

65,670

65,812

2019

65,137 | 64,718

63,725 | 64,571 | 64,040

64,293

65,018

64,255

65,574

65,565

2018

65,004 | 64,955

64,492 | 65,015 | 64,288

65,015

34,484

63,864

66,238

66,046

2017

66,567 | 49,853

62,531 | 66,835 | 48,980

66,672

66,499

66,900

45,727

2016

58,854 —

32,891 | 63,159 —

49,111

41,086

28,281

Total

456,619 | 377,846

418,858 | 458,296 | 377,847

446,346

288,010

435,431

427,259

378,161

Table 3.1: image count by station and by year.

All Images

RGB Filter

Yes

Discarded Images

Data Set Images

Figure 3.10: NYSM image processing steps.

lighting conditions. In contrast, the sunrise and sunset filtering restores the balance,

where approximately the same number of images are available per station per year.

In summary, I filter the NYSM images to only include RGB images and images

taken after sunrise and before sunset. I do this in order to guarantee I am only using

daytime images for training, validating, and testing my models.
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BATA

BUFF

ELMI

GABR

GFAL

JOHN

MANH

PENN

POTS

QUEE

2022

56,675

54,750

54,334

56,366

55,935

56,621

68,970

55,426

56,291

68,851

2021

56,528

55,903

52,978

56,207

55,488

56,337

66,221

54,865

55,918

66,160

2020

55,325

54,442

53,805

93,729

53,017

55,090

52,485

54,312

55,411

65,812

2019

55,188

54,434

53,026

54,491

53,456

54,192

65,018

53,634

55,492

65,565

2018

95,141

54,704

53,604

54,917

53,465

54,776

34,484

52,943

56,122

66,046

2017

56,741

42,568

52,900

56,729

41,539

56,592

56,252

56,816

45,704

2016

50,818

27,893

54,148

42,508

35,068

23,949

Total | 386,416

316,801

348,540

386,587

313,800

376,116

287,178 | 362,500

359,999

378,138

Table 3.2: Image count for only RGB images separated by station and by year.

BATA | BUFF | ELMI | GABR | GFAL | JOHN | MANH | PENN | POTS | QUEE
2022 12,368 | 12,548 | 13,722 [ 12,956 | 13,387 |12,757| 0 |13,152[12,395| 0
2021 10,051 | 10,287 | 9,887 | 10,183 (10,901 |10,206| 0 |10,957| 9,992 | 0
2020 10,110 /10,390 | 10,493 | 9,275 |10,911|10,244| 832 |11,015|10,259| 0
2019 | 9,949 | 10,284 10,699 | 10,080 10,584 |10,101| 0 |10,621|10,082| 0
2018 | 9,863 | 10,251 10,888 | 10,098 (10,823 |10,239| 0 |10,921|10,116| 0
2017 | 9,826 | 7,285 | 9,631 | 10,106 | 7,441 |10,080| — |10,247|10,084| 23
2016 | 8,036 | — | 4,998 [ 9011 | — |6603| — |6018|4332| —
Total | 70,203 | 61,045 | 70,318 | 71,709 | 64,047 | 70,230 | 832 |72,931|67,260 23

Table 3.3: Image count for only grayscale images separated by station and by year.

BATA

BUFF

ELMI

GABR

GFAL

JOHN

MANH

PENN

POTS

QUEE

2022

52,212

50,547

51,275

52,299

52,539

52,687

52,837

52,030

52,096

52,825

2021

52,225

51,815

49,624

52,288

52,317

52,558

52,776

51,795

51,784

52,814

2020

51,049

50,418

50,382

49,916

50,783

51,301

42,239

51,171

51,271

52,362

2019

50,879

50,421

49,906

50,420

50,139

50,423

51,746

50,603

51,230

52,255

2018

50,844

50,684

50,555

50,906

50,409

51,119

27,343

50,044

51,850

52,703

2017

52,371

39,314

49,447

52,656

38,980

52,828

52,483

52,556

36,742

2016

46,893

25,858

50,238

39,535

32,244

22,064

Total | 356,473

293,199

327,047

358,723

295,167

350,451

226,941

340,370

332,851

299,701

Table 3.4: Counts of images that are RGB and were collected between sunrise and

sunset.
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3.3 NYS Mesonet & ASOS Combined Data Sets

It is difficult to find image data sets that have corresponding visibility labels. Moreover,
it is even harder to find data sets that are comprised of real-world images and visibility
readings. For this work I build my own data set by integrating the NYS Mesonet
camera images and the ASOS visibility measurements.

In order to assign ASOS visibility labels to the NYS Mesonet camera images, I pair
up each of the NYS Mesonet sites to a nearby ASOS station. How “close” a NYS
Mesonet site and ASOS station is determined by the distance and elevation distance
between the locations. I compute the distance between two stations by using their
longitude and latitude coordinates?] Both the NYS Mesonet and ASOS stations report
their elevation, so I take the absolute value of the difference between the elevations
to calculate the elevation difference. I pair up each NYS Mesonet site with its closest
ASOS station by distance.

This works very well for some stations, such as the Glen Falls NYSM station and
the Glen Falls/Warren County ASOS station. These two stations are less than a half
mile away from each other, with an elevation difference of approximately 1 meter. This
allows for a high correlation between the ASOS visibility measurements and the atmo-
spheric visibility depicted in the NYS Mesonet images. However, for other stations,
there is not a nearby ASOS station. For example, for the Roxbury NYSM station
the closest ASOS station is approximately 45 miles away. In order to ensure that the
pairs are reasonable I filter the station pairs such that they must be within 5 miles of
one another and have an elevation difference of less than 70 meters. This limits the

number of available NYS Mesonet stations from 126 to only 10 stations (see Table

and Figure [3.11]).
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NYSM Station (ID) ASOS Station (ID) Distance (mi) | Elevation Difference (m)
Batavia (BATA) Batavia (GVQ) 1.81 0.67
Buffalo (BUFF) |Buffalo International Airport (BUF) 4.40 35.41
Elmira (ELMI) Elmira/Corning (ELM) 4.42 45.32

Gabriels (GABR) Saranac Lake/Adiron (SLK) 2.60 28.7

Glen Falls (GFAL) Glen Falls/Warren (GFL) 0.42 1.34

Johnstown (JOHN) Johnstown (NY0) 1.70 35.81

Manhattan (MANH) New York City (NYC) 0.83 67.80

Penn Yan (PENN) Penn Yan Airport (PEO) 3.58 47.33

Potsdam (POTS) Potsdam (PTD) 1.88 11.78
Queens (QUEE) New York/LaGuardia (LGA) 4.60 45.56

Table 3.5: NYS Mesonet and ASOS station pairs with distance and elevation difference
information.

Once the stations are paired, I then assign a visibility label from the closest ASOS
tower to each NYSM image. I do this by matching up the timestamps of the NYSM
images to the timestamps of the ASOS visibility measurements. The collection time
intervals of the NYS Mesonet and ASOS network are usually 5 minutes, however, the
timestamps do not always align. When matching the timestamps, I allow for a tolerance
of 2.5 minutes between the image timestamp and visibility timestamp. Without the
tolerance, some stations would have little to no image and visibility matches. Table 3.6
shows the number of RGB images taken after sunrise and before sunset that had a
corresponding visibility measurement.

In total, there are 2,075,107 daytime images with a corresponding visibility label.
There are multiple reasons why this image and visibility measurement matching process
reduces the overall image count. The NYS Mesonet stations collect daytime images at 5

minute intervals, and most the ASOS stations also collect their visibility measurements

2T used the Python GeoPy to calculate the distance between two latitude, longitude coordinates,
(https://geopy.readthedocs.io/en/stable/).
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e ASOQOS Stations
NYSM Stations

Figure 3.11: Active ASOS co-located with the nearest NYSM station, within 5 miles
and a maximum elevation difference of 70 meters.

at 5 minute intervals. However, some ASOS stations have a limited number of years
available, such as Batavia. The Batavia NYS Mesonet station has images from 2016
onward, but the Batavia ASOS station only had visibility readings from 2018 onward.
In addition, some ASOS stations have a larger collection interval. The corresponding
ASOS stations for Johnstown and Potsdam (NY0 and PTD) had visibility measure-
ments for each 20 minute interval, and the ASOS station for Manhattan (NYC) had
visibility measurements for each hour-long interval. Due to this, Johnstown, Potsdam,

and Manhattan have the smallest number of images.
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BATA | BUFF | ELMI | GABR | GFAL | JOHN |MANH | PENN |POTS | QUEE
2022 | 51,253 | 49,436 | 49,874 | 42,832 | 43,432 | 11,814 | 5,467 | 50,991 12,819 51,872
2021 | 51,731 | 47,908 | 48,357 | 42,591 | 39,418 | 11,619 | 5,481 | 50,407 | 12,860 | 51,867
2020 | 45,909 | 45,090 | 45,111 | 36,663 | 35,818 | 11,828 | 4,372 | 45,827 | 12,825 | 46,427
2019 | 48,783 | 50,018 | 49,455 | 40,927 | 39,876 | 9,438 | 5,512 | 50,149 | 12,836 | 51,500
2018 | 24,823 | 49,768 | 49,858 | 42,442 | 41,665 | 11,040 | 3,057 | 48,704 | 11,268 | 52,100
2017 | — | 38,553 | 47,182 | 42,738 | 21,244 | 4,932 | — | 47,948 | — | 35852
2016 | — — | 25342 [ 25,039 | — — — 31,159 | — —
Total | 222,499 | 280,773 | 315,179 | 273,232 | 221,453 | 60,671 | 23,889 | 325,185 | 62,608 | 289,618

Table 3.6: Data

by year.

count of daytime image and visibility pairs separated by station and
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Chapter 4

Differential Approach to Estimating Visibility

Generalized absolute visibility prediction from a single image is an intrinsically hard
problem. Low visibility conditions can be caused by various natural and artificial
phenomena and look drastically different in the camera lens. The appearance of colors
and lighting conditions can vary between locations, different weather conditions, time
of day, or time of year. In addition, the distances between objects in the image and
the camera are often unknown, and over time new structures can be built that change
the composition of the scene. Other aspects of a scene may change over time, such as
unexpected changes in camera orientation or routine changes due to the passing of the
seasons. All of these factors complicate numerical visibility prediction from a single
image, especially if a model has only been trained and evaluated on a specific set of
visibility conditions and locations.

Past approaches focus on a single location or a small selection of unique locations,
often focusing on identifying the presence or absence of specific landmarks in an image
to inform the underlying visibility distance, e.g., Wauben and Roth (2016)); Mi et al.
(2020). Other approaches only evaluate their model on images from locations that
the model has been trained to predict on, e.g., [Palvanov and Cho (2019), [Li et al.
(2019b), and You et al.| (2019)). However, one can address the challenges of numeric
visibility prediction by re-framing the problem. Instead of determining the numeric

visibility distance from a single image, a model instead can learn to compare a pair
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of two images from the same location to determine the relative visibility (You et al.
2019).

The goal of this work is to develop an approach that can generalize to new locations
and sites without retraining the model. For my contributions, I propose a comparative
visibility estimator that receives two images as input, a query and reference image, and
predicts a probability that the reference image is more visible than the query image. In
addition, the comparative visibility estimator can be extended to predict a numerical
visibility value by producing enough comparisons between a query image and small
set of reference images with known visibility distances. Furthermore, to guarantee
cross-site generalizability, I construct my training, validation, and test sets carefully so
they are temporally and spatially independent. With these design choices, the model
cannot rely on knowledge of a specific location from training, nor are the predictions
limited to one specific camera or site. This potentially allows the comparative visibility
estimator to capture how fog impacts a scene more generally.

In this section, I describe the architecture of the comparative visibility estimator,
the translation between comparative visibility estimates to a numerical visibility pre-
diction, and the careful partitioning of the combined ASOS and NYSM data set to

guarantee cross-site generalizability.

4.1 Comparative Visibility Estimator Architecture

Relative visibility estimation has shown to be a successful approach (You et al., 2019).
However, previous work requires large quantities of hand curated and labeled data,
and was not tested on novel locations. Furthermore, many approaches require large

pre-trained models with millions of parameters, such as in|Li et al.| (2017} [2019b} 2021]).
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In my approach, I use a CNN-based model with a moderate number of parameters to
predict the comparative visibility between two images.

The comparative visibility estimator has fewer than 1 million trainable parameters
(808,065). The model, shown in Figure , receives two images as input, the query
image and the reference image. In deployment, the query image is a live image from a
site with an unknown visibility distance while the reference image is a historical image
of the site with a known visibility distance. These images are resized to (256, 256, 3)
and concatenated along the channel dimension in order to be passed as input into the
model.

The model itself consists of two parts, the CNN block and the dense neural network
(DNN) block. A DNN is an artificial neural network (ANN) built using multiple
dense layers. A dense layer is composed of neurons that receive their input from all
the neurons in the preceding layer. The CNN block of this model extracts spatial
features about the inputs, while DNNs ignore spatial properties between the features.
In this model, the CNN block works as a spatial pattern detector by extracting relevant
features related to visibility. The DNN block determines the model output based
on the synthesized features. The CNN block consists of several layered, repeated
modules of convolution, spatial dropout, and batch normalization (see Figure .
The convolutional layers are a 2D spatial convolution where learned filters are applied
over the input tensors with different filters to extract hierarchical features in the input.
Spatial dropout is a form of regularization that can be added to convolutional layers,
where entire features are randomly removed from the network during training in order
to encourage redundancies between the feature maps and prevent over-fitting to the
training set. Batch normalization is a technique that standardizes the inputs to each

of the layers by re-centering and re-scaling the input with respect to the input’s mean
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Figure 4.1: The comparative visibility estimator architecture where the yellow repre-
sents the CNN modules, and the green represents the DNN layers (Igbal, 2018]).

and standard deviation. Every two CNN modules are followed by a layer of max
pooling. Max pooling is a method of down-sampling between layers, which allows
subsequent convolutions to have an effectively wider receptive field. Max pooling also
allows for models to run faster since intermediate representations are smaller, but also
can improve input translation invariance to the model, since small vertical or horizontal
shifts in the inputs do not affect the pooling outputs. Figure[4.2]shows one CNN module
that makes up the CNN block.

The final output of the CNN block is condensed into a feature vector of size (128,) by
using global max pooling. Global max pooling is similar to max pooling, however, the
maximum value is collected across the space of an entire channel. This step effectively
asks the question of whether each high level feature exists within the input images. The
output feature vector is then fed into the DNN portion of the model, which reasons

about the combined existence of features in the input images in order to make the
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Figure 4.2: One CNN module within the comparative visibility estimator, where yellow
represents the convolutional layer, blue represents the spatial dropout layer, and green
represents the batch normalization layer (Igbal, 2018)).
final prediction. The DNN block consists of two dense layers with dropout and a final
output layer consisting of a single neuron. The overall model can be see in Figure 4.1
The output neuron has a sigmoidal activation function and represents the probabil-
ity that the query image visibility is less than the reference image visibility. This is also
written as Pr(Q < R), where @ is the query image’s true visibility in miles and the R
is the true reference image’s visibility in miles. Furthermore, when Pr(Q < R) = 1,
then the query image is interpreted as less visible than the reference image (the query
image has more fog or obscurities); when Pr(QQ < R) = 0, then the query image is
interpreted to be more visible than the reference image (the query image has less fog
or fewer obscurities), and finally when Pr(Q < R) = 0.5 the query image and the

reference image are interpreted to have the same visibility. These interpretations are
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invariant to the underlying range of visibility, thus as Pr(Q < R) = 0.5 could be true
of a query and reference image pair where both have a visibility of 0.13 miles, or where
both have a visibility of 10 miles. The model was trained using binary cross-entropy,

additional training details are included in Appendix [A.3]

4.2 Computing Estimates of Absolute Visibility

The comparative visibility estimator only assesses the relative visibility of two images,
not the numerical visibility of a unknown query image. However, with a small sample
of labeled reference images, the comparative visibility estimator can produce output
probabilities between a single query image and the set of reference images in order to
infer a numerical visibility estimate. This is done in two steps: 1) identifying an accu-
rate set of reference images, and 2) translating the comparative visibility estimator’s
output probabilities between a novel query image and the set of reference images to a

numerical visibility estimate.

4.2.1 Reference Image Selection

Reference image selection is crucial to the success of absolute visibility estimation. If
a reference image is incorrectly labeled, the predicted visibility can be greatly skewed.
Reference image selection can be done by hand with an expert selecting examples for
each visibility distance, or instead can be done using a self-supervised inspired method.
For this work, the reference images were selected in an automated self-supervised way.
After the comparative visibility estimator is trained, images that often produced cor-
rect predictions when used as reference images were selected to be candidates for the

reference image set.
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The reference image selection process happens after the comparative visibility es-
timator has been trained. Candidate reference images were only selected from the
training sets in order to preserve the independent nature of the validation and test
sets. In addition, reference images were only selected from images that were collected
in 2019 in order to speed up the process.

For each station, a subset of the images are randomly selected from each visibility
distance bin. This creates a subset over the entire year that is balanced, approximately
representing each unique visibility distance equally. Collecting a balanced subset is
necessary in order to reduce the number of total possible image pairs within this set
to a computationally feasible number. Each image in the subset is then compared to
all the other subset images using the trained comparative visibility estimator. Each
image has its accuracy over all the comparisons recorded. The images are then ranked
with respect to their accuracy. For each unique visibility distance, the five images with
the highest accuracies are saved as reference images. This produces a reference image
set composed of five images per unique visibility distance bins.

For example, a balanced subset was created from images collected at the Batavia
station in 2019. The subset images with reported visibility distance of 0.13 were com-
pared to all other subset images which had visibility distances ranging from 0.13 to 10
miles. For a particular image, if all comparisons containing this image were accurate,
the image would be considered to be an ideal reference image. The top five images
with the highest overall accuracy are selected for each visibility distance. In this case,
Batavia had 19 unique visibility distances represented in 2019 and 5 images were se-
lected for each unique distance. So, 95 reference images in total were selected to be

part of Batavia’s reference image set.
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Figure 4.3: Example sigmoidal fit for model output probabilities.

4.2.2 Translating Comparisons to Numeric Visibility Distance

The comparative visibility estimator only predicts the probability of the query image
being less visible than the reference image. However, with a labeled set of reference
images, one can translate the output probabilities of the comparative model into a
numerical visibility prediction for a novel query image. The output probabilities of
the model with respect to reference image visibility should follow a sigmoid shape as
the reference images transition from clearly less visible to clearly more visible than the
query image.

Figure depicts the comparative model’s output probabilities between a singular
query image with a known visibility distance of 2.5 miles and a set of reference images
with visibility distances ranging from 0.13 to 10 miles, where there are five reference
images for each unique visibility distance. Each blue star is the output probability

from the comparative model between the query image and the corresponding image
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from the reference set. The output probabilities from the model exhibit an “S” like

shape. T use a sigmoidal function to model this relationship:

L

= e b (4.1)

Y

where L is the amplitude, xy is the x-value of the inflection point, k is the gain, and
b is the bias term. I find the optimal values of these parameters to fit the sigmoidal
functionﬂ to the output probabilities (Pedregosa et al., 2011). Ideally, the output
probabilities from the comparative model should be closer to 0 when the reference
image visibility is low. Moreover, the output probabilities from the comparative model
should closer to 1 when the reference image visibility is high. All of the images in the
data set have a visibility label greater than 0 and less than 11. So, I add bias points
(-10, 0), (0, 0), (11, 1), and (20, 1) to bias the fitted sigmoid towards a solution that
reflects the expected behavior, especially along the edges of the graph. Furthermore,
I restrict the gain term, k, to be positive; this guarantees that the fitted curve is an
increasing sigmoidal function. I also restrict xy to be within the standard visibility
distances in the data set, 0.13 to 10.0 miles.

I use the x-value of the inflection point, z(, as the numerical visibility prediction.
Ideally the amplitude, L, should be 1 and the bias term, b, should be 0, however,
this often not true for the curve of best fit. Although a probability of 0.5 from the
comparative model can signify the equivalence case or where the model is unsure, a
point along the fitted curve that holds a y-value of 0.5 may be closer to either asymptote
of the sigmoid. The inflection point is surrounded by the points where the transition

from 0 to 1 is at its steepest. Furthermore, inflection point is equidistant from each

T used curve_fit() from the Python package scikit-learn to fit the sigmoidal function to the com-
parative probabilities. I use the default number of maximum iterations of 800.
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of the sigmoid’s asymptotes. The steep transition between 0 and 1 pins the visibility
prediction between the asymptotes.

The inflection point was found to more accurate for numerical visibility prediction
than using the point whose y-value was closest to 0.5. This was confirmed through
informal empirical testing. A example of this is shown in Figure [£.3] The curve’s x
was fit to be approximately 2.57, which is within 0.07 miles of the true visibility of the
query image (2.5 miles). However, the prediction for the query image would be greater

than 3 miles when using the point on the fitted curve with a y-value closest to 0.5.

4.3 Data Set Procedures for Generalization

In order to produce models that are generalizable to new sites, the data must be care-
fully structured and handled to avoid autocorrelation between the training, validation,
and test sets. Like most real world data sets, my combined NYSM and ASOS image-
based visibility data set requires a certain amount of data cleaning. Furthermore,
visibility data sets tend be quite imbalanced since low visibility conditions are far less
common than high visibility conditions. For these reasons, I implement a detailed data
handling pipeline with data set procedures for preventing autocorrelation between the
sets, data cleaning and standardization, as well as data balancing. I use a version of
cross validation, where my folds are temporally and spatially independent, to evaluate
the cross-site generalizability of my models. In addition, I clean and standardize the
ASOS visibility labels and speed up training by resizing the NYSM images. I also
implement multiple versions of data balancing in order to assure my model performs

well in all visibility conditions for multiple stations.
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4.3.1 Orthogonalized Cross Validation

Due to the difficulty of producing robust visibility data sets and the challenge of cross-
site and generalizable visibility prediction, there has been limited to no work on demon-
strating a visibility approach that is truly generalizable to scenes not represented in
the training set. An integral goal of this work is to create a general visibility estimator
that can be applied to any location. Since we have a small number of stations, one
important step to ensure cross-site generalizability is to perform cross validation with
spatially and temporally independent folds.

A fold is a specific partition or subset of the data. For this work, each fold is a
single year of data for a single station. Multiple folds make up a single rotation of the
data. Furthermore a single rotation is composed of folds from eight stations for the
training set, a fold for the validation set, and a fold for the test set. For cross validation
purposes, we iterate through 10 different rotations of the data set, where each rotation
is composed of a different subset of the folds.

For temporal independence, I break up the folds by calendar year. Since different
stations were established during different years, all years up to and including 2020 are
used for the training sets. Furthermore, 2021 is reserved for validation sets and 2022 is
reserved for test sets. Partitioning the data sets by year is a vital step that breaks the
temporal autocorrelation between the training, validation, and test sets. Low visibility
events are largely underrepresented in many data sets. This is because sunny or clear
conditions are much more common than foggy or severe weather conditions. If there is
a severe storm that impacted visibility for an extended period of time, it is important
to keep the examples from that incident all in one partition to reduce auto-correlation

between the sets.
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For spatial independence, I also break up the folds by station. Eight stations are
included in the training set, one station is reserved for the validation set, and one
station is reserved for the test set for each rotation. As I iterate through the rotations,
I rotate to the right creating a new subset of stations for the training, validation and
test sets (see Table . In rotation 0, Postdam 2021 and Queens 2022 are reserved
for validation and test sets, respectively. In rotation 1, the training, validation, and
test sets shift to the right by one station, making Queens 2021 and Batavia 2022 the
validation and test sets, respectively. This process is performed 10 times, so that each
station becomes a validation set exactly one time and a test set exactly one time.
This means there is overlap between the training sets across the different rotations.
However, the validation sets are completely independent as they each have a unique

station and year. This is also true for the test sets.

4.3.2 Data Standardization

Although seemingly continuous, the ASOS readings are reported in specific statute
mile increments. The specific statue mile increments are not standard for all stations.
Some stations’ lowest possible reported visibility is 0.06 mile; for others it is 0.25 mile.
I use the standard visibility distances that are reported by ASOS of 0.13, 0.25, 0.5,
0.75, 1, 1.25, 1.5, 1.75, 2, 2.5, 3, 3.5, 4, 5, 6, 7, 8, 9, and 10 miles. This is the same
set of standard increments found in the ASOS User’s Guide (National Oceanic and
Atmospheric Administration), |1998), with the exception of 3.5 miles. I add 3.5 miles
because it is commonly found in the available ASOS visibility data. If a visibility
reading in the data set is found to be outside of the standard visibility distances, I
replace the offending visibility reading with the closest standard visibility distance.
One common example where this takes place is when the visibility distance is reported

as 0.24 miles. I group the 0.24 mile samples into the 0.25 visibility distance bin.
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In addition, I resize the NYSM images. The NYSM images originally have a height
of 720 pixels and a width of 1280 pixels. Originally, I used full size images for training,
however, training often took many days at this resolution, so I resize the images to
a square (256 x 256) to improve training time. Resizing to a square resolution also
decreased training time without affecting performance. For all my results shown I use

an image size of 256 x 256.

4.3.3 Balanced Sampling

Low visibility conditions are largely underrepresented in many data sets. This is also
true for the combined NYSM and ASOS data set. In addition, some stations have
more years of data available than other stations. In order to prevent over-fitting to
highly visible examples or specific camera locations, I implement two levels of data set
balancing and sampling used in the training and validation sets.

I first address the imbalance in visibility readings. For each station, I equally sample
images from each of the standard visibility increments. Figure depicts this process,
where all the data for Batavia is split into the different visibility distance bins, then
the data is equally sampled from each of these bins. This means that the probability
of retrieving an image with a visibility of 0.13 miles is the same as retrieving an image
with a visibility of 10.0 miles. This means that over the course of training certain
images will be sampled more often than others.

After sampling from the visibility distance bins and pre-processing the data, I
address the imbalance of data between stations. In this case, I sample images from
each of the stations with equal probability (see Figure . This means specific images
from stations like Manhattan are repeated more often than images from a station like

Batavia. I implement these sampling techniques using the TensorFlow Dataset class,
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Figure 4.4: Steps for sampling across different visibility distances for a single station,
where the data is separated by visibility distance bin. When an example is requested,
images are uniformly sampled across the different visibility distance bins.

where I create individual Dataset objects for each station, and nested data set objects

for each of the visibility increments within the station.
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BATA | BUFF | ELMI | GABR | GFAL | JOHN | MANH | PENN | POTS | QUEE
2022 | 51,253 | 49,436 | 49,874 | 42,832 | 43,432 | 11,814 | 5,467 |50,991 | 12,819 | 51,872
2021 | 51,731 (47,908 | 48,357 | 42,591 | 39,418 | 11,619| 5,481 | 50,407 | 12,860 | 51,867
2020 | 45,909 | 45,090 | 45,111 | 36,663 | 35,818 | 11,828 | 4,372 | 45,827 | 12,825 | 46,427
2019 | 48,783 | 50,018 | 49,455 | 40,927 | 39,876 | 9,438 | 5,512 | 50,149 | 12,836 | 51,500
2018 | 24,823 | 49,768 | 49,858 | 42,442 | 41,665 | 11,040 | 3,057 | 48,704 | 11,268 | 52,100
2017| — |38,553(47,182| 42,738 [21,244| 4,932 | — |47,948| — |35,852
2016| — | — [25342/25039| — | — — 31159 — | —

BATA | BUFF | ELMI | GABR | GFAL | JOHN | MANH | PENN | POTS | QUEE
2022 | 51,253 | 49,436 | 49,874 | 42,832 | 43,432 | 11,814 | 5,467 |50,991 | 12,819 | 51,872
2021 | 51,731 | 47,908 | 48,357 | 42,591 | 39,418 | 11,619 | 5,481 | 50,407 | 12,860 | 51,867
2020 | 45,909 | 45,090 | 45,111 | 36,663 | 35,818 | 11,828 | 4,372 | 45,827 | 12,825 | 46,427
2019 | 48,783 | 50,018 | 49,455 | 40,927 | 39,876 | 9,438 | 5,512 | 50,149 | 12,836 | 51,500
2018 | 24,823 | 49,768 | 49,858 | 42,442 | 41,665 | 11,040 | 3,057 |48,704 | 11,268 | 52,100
2017| — [38,553|47,182|42,738 (21,244 | 4932 | — |47,948| — |35.852
2016 — | — |25342(25039| — | — — (31,059 — | —

BATA | BUFF | ELMI | GABR | GFAL | JOHN | MANH | PENN | POTS | QUEE
2022 | 51,253 | 49,436 | 49,874 | 42,832 | 43,432 | 11,814 | 5,467 |50,991 |12,819 | 51,872
2021 | 51,731 | 47,908 | 48,357 | 42,591 | 39,418 | 11,619 | 5,481 | 50,407 | 12,860 | 51,867
2020 | 45,909 | 45,000 | 45,111 | 36,663 | 35,818 | 11,828 | 4,372 | 45,827 | 12,825 | 46,427
2019 | 48,783 | 50,018 | 49,455 | 40,927 | 39,876 | 9,438 | 5,512 |50,149 | 12,836 | 51,500
2018 | 24,823 | 49,768 | 49,858 | 42,442 | 41,665 | 11,040 | 3,057 |48,704 | 11,268 | 52,100
2017| — |38,553|47,182| 42,738 [21,244| 4,932 | — |47,948| — [35,852
2016| — | — [25342(25039| — | — — 31,159 — | —

Table 4.1: First three out of ten rotations in the orthogonalized cross-validation proce-
dure, where the years are depicted along the left-most column and stations are depicted
along the top-most row. Each cell is a single year of data for a single station, or oth-
erwise known as a fold. The green highlighted cells are the training sets which are
composed of multiple folds or "cuts” of data, the blue highlighted cells are the valida-
tion sets which are composed of a single fold for each rotation, and the red highlight
cells are the test sets which are composed of a single fold for each rotation.
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Figure 4.5: Steps for sampling across different stations, where each station’s data
is already pre-processed and image examples are paired up. When an example is
requested from this pipeline, images are uniformly sampled across the different stations.



Chapter 5

Results

5.1 Comparative Model Results

There are three possible interpretations for outputs for the model; query image is less
visible than reference, query has the same visibility as reference (or the equivalence
case), or query image is more visible than reference. However, when computing accu-
racy it is unclear how close to 0.5 the model output has to be in order to predict the
equivalence case. For the purposes of presenting comparative results and computing
binary accuracy, the model’s output represents Pr(QQ < R), where if the query and
reference images are equal and model returns 0.5 or above, the prediction is considered
correct when computing accuracy. This is does mean that if the query and reference
images are equal and model’s output is 0.49, the prediction is considered mis-classified
when computing accuracy. This is just for computing binary accuracy, and did not
impact how the models were trained.

Figure shows the training and validation set accuracy learning curves. During
training, the accuracy of the training sets converged to an accuracy of over 77% (Fig-
ure and the average validation accuracy during the epoch with the lowest loss is
approximately 72.7%. However, performance on the validation sets quickly reached its
maximum within the first few epochs of training. Since each validation set is composed

of only one station, the validation performance greatly reflects the difficulty and unique
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characteristics of each of the stations. In addition, the training results vary widely be-
tween each station. In this section, I will breakdown the results for the comparative

visibility estimator based on station and year.

5.1.1 Evaluation Procedures and Under-sampling

When evaluating the results of the model, it is not feasible to produce results for
every possible pair in the training, validation, or test sets. For example, the station
Batavia has 50,879 images from the year 2019 and if every possible pair was considered,
the model would have to evaluate 50,879% image pairs. Unfortunately, this would be
computationally infeasible. Furthermore, due to the label imbalance in the data set,
most of those pairs would composed of high visibility examples. In order to efficiently
and appropriately assess model performance, I create a subset of the data for evaluation
purposes.

For under-sampling the data, I first find the visibility distance that is least repre-
sented in the data set. Let k be the sample size for under-sampling. The sample size, k,
is initially set to be the number of images from the least represented visibility distance.
The sample size k is then bounded between 30 and 100, inclusive. This is to make sure
that there are enough images for an effective evaluation, but not too many images, so
that evaluation procedures terminate in a reasonable amount of time. This means that
if the number of images from the least represented visibility distance is less than 30, k
is set to be 30. If the number of images from the least represented visibility distance
is greater than 100, k is capped at 100. I sample without replacement k images from
each of the visibility distance bins. In the case that there are less than 30 images in a

visibility distance bin, all images from that visibility bin are sampled.
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Figure 5.1: Training and validation accuracy for each of the rotations.

For example, in 2018, the station Penn Yan (PENN) only had 50 images with a
reported visibility of 0.13 miles, which was the least represented visibility distance. I
sampled all 50 images with a visibility distance of 0.13 miles, only 50 images with a
visibility distance of 0.25, only 50 images with a visibility distance of 0.50, and so on.
In 2021, Penn Yan (PENN) only had 10 images with a reported visibility of 0.13 miles.
I sampled all 10 images with a visibility distance of 0.13, then sampled 30 images with
a visibility distance of 0.25, then sampled 30 images with a visibility distance of 0.50,
and so on. In 2019, Penn Yan (PENN) had 167 images with a reported visibility of
0.50 miles. For this case I sampled 100 images for each of the visibility distances in
the data set. This sets the upper bound on the number of possible pairs to be 1, 9002

or 3,610,000 pairs per year per station.

5.1.2 Training Results

Although there are many years of data included in the training sets, there is little
difference in performance between different years in the training set. For brevity, I only

show performance for 2019 in the following training results. I selected 2019 because in
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my original experiments 2019 was the most current year in the training set. However,
in this work I added 2022 to the data set, but retained 2019 as the year I used to
primarily evaluate the training set.

As shown in Figure b. the model performed better on some stations and worse
on others. An example of a high-performing station is Batavia. Figure [5.2] shows
the accuracy of the under-sampled set broken down by query and reference visibility
distances. Each square is the accuracy for comparisons between images with a specific
query visibility distance and a specific reference visibility distance. For example, for all
pairs between query images with a visibility distance of 2.5 miles and reference images
with a visibility distance of 1.0 miles, the model achieved an accuracy of 92%.

The upper-left and lower-right corners represent the pairs that have the highest
difference in visibility. As expected, the model performs best on these cases since there
is a clear visual distinction between 0.13 miles and 10.0 miles. However, near the
diagonal, the difference in visibility is less clear. When the query image has a visibility
distance of 2.0 and the reference image has a visibility distance of 1.75, the model only
has a 55% accuracy. The model ability to distinguish between 2.0 and 1.75 is essentially
a coin flip, however, this is not necessarily a flaw in the model itself. Although there
may be some subtle differences between 1.75 and 2.0 miles of visibility, there may
not be substantial visual differences in the image to represent the visibility difference.
For example, in Figure [5.3] the image pair technically has a visibility difference of
0.25 miles. The model should predict 0, since the query image label has a greater
visibility distance than the reference image. However, in this case, the model predicted
a probability of 0.61 which is closest to the equivalence case.

There is some asymmetry in many of the accuracy grids, as seen in Figures (see

Appendix for all accuracy grids). For the Batavia station, this mainly occurs in
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Figure 5.2: Accuracy grid for Batavia 2019 images for rotation 0.

the upper-right hand corner, where it becomes difficult to distinguish between visibility
distances in the 5.0 to 10.0 mile range. This may be due to the image composition itself.
Although ASOS visibility sensors report visibility distances up to a maximum of 10
miles, many stations do not have a field of view that encompasses landmarks that are 10
miles away, and often do not even have landmarks that are 5 miles away. For Batavia,
the main visual feature is a tree line that cuts half way across the image (Figure .
This tree line is between 0.25-0.5 miles away from the camera itself. The main feature
that give an indication of visibility is how visible the tree line is or how cloudy the sky
is. Although, fog is easily spotted in the scene for lower visibility conditions, such as

0.13, 0.25, 0.5 miles, the appearance of the scene does not change significantly in the
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(a) Query image, 2.0 miles (b) Reference image, 1.75 miles

Figure 5.3: Example from Batavia 2019 where the query image (a) has a visibility
distance of 2.0 miles and the reference image (b) has a visibility distance of 1.75 miles.
The model’s prediction for this pair was 0.61.

high visibility cases. This makes it more difficult or nearly impossible to distinguish
between high visibility conditions such as 8, 9, or 10 miles.

On the diagonal, the query and reference images have the same visibility distance
and the model should predict close to 0.5. When translating an output probability to
a binary class the default threshold is 0.5. So for all examples along the diagonal the
expected accuracy is approximately 50%, where half the time the model will overshoot
above 0.5 or undershoot below 0.5. In rotation 0, the overall accuracy for Batavia in
2019 was 87.1%, however, if we exclude the equivalence cases the accuracy becomes
88.9%.

Batavia is a station with a wide view of the landscape and a clear view of the sky. In
addition the NYS Mesonet camera and ASOS visibility sensor are relatively close where
the distance between the camera and sensor is 1.81 miles and the an elevation difference
is 0.67 meters. Glen Falls is another higher performing station where the camera and
the ASOS sensor are in close proximity (0.42 miles in distance and 1.34 meters in
elevation difference). In rotation 4, Glen Falls has an overall accuracy of 83.1% and

an accuracy of 85.1% when excluding equivalence cases. It has similar performance
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Figure 5.4: Accuracy grid for Buffalo 2019 images for rotation 1.

to Batavia with some asymmetry and low accuracy along the diagonal. A complete
description of training accuracies over the years and folds is in the Appendix [B.1}

Not all stations have the same attributes and this is reflected in the training perfor-
mance. At the Buffalo station, the model was able to capture the differences between
high and low visibility distances, however, when it came to closer visibility distances
such as 1 and 2 miles, the model was unable to differentiate between the visibility
conditions (see Figure . The Elmira station had similar issues, with overall low
accuracy between the different visibility pairs (Figure Appendix .

In rotation 1, the Buffalo station received an overall accuracy of 75.4% and an ac-
curacy of 77.0% excluding equivalence cases. In rotation 2, the Elmira station received

and overall accuracy of 72.4% and an accuracy of 73.9% excluding equivalence cases.
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(a) Batavia

(c) Buffalo (d) Elmira

Figure 5.5: Clear day images of (a) Batavia, visible tree line is between 0.25 and 0.5
miles from camera, (b) Queens, city line buildings are approximately 8-9 miles from
camera, (c) Buffalo and (d) Elmira, tree lines are less than 0.13 miles from camera.
The Buffalo and Elmira stations suffer from similar issues. The NYS Mesonet camera
and ASOS visibility sensors for Buffalo and Elmira are over 4.4 miles away from each
other for both sites, and have an elevation difference of 35 and 45 meters between the
sensors, respectively. The distance between the camera and the ASOS sensor adds to
a de-correlation between the visibility phenomena in frame and what is captured by
the visibility sensor.

However, this was not the only problem that impacted the results. For both sta-
tions, the camera has a short field of view with limited access to broad sections of
sky (Figures and [5.5d). One station that that has similar sensor limitations, but
provided results comparable to Batavia and Glen Falls is the Queens station. In rota-

tion 9, Queens also performed well with an overall accuracy of 83.2% and an accuracy
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of 84.9% excluding equivalence cases. The NYS Mesonet camera and ASOS visibility
sensor for the Queens station are 4.60 miles in distance and an elevation difference
of 45.56 meters. However, the image shows a broad and lengthy view of the scene
where some visible buildings and landmarks are 8-9 miles away from the camera(see

Figure [5.5b)). All accuracy grids for the training set are included in Appendix .

5.1.3 Validation and Test Results

For all stations, the year 2021 was reserved for validation and the year 2022 was reserved
for testing. This means the validation set for each rotation is comprised of examples
from a single site that was not represented in the training set, and a completely novel
year of data. The same is true for each of the test sets.

Accuracy results for each of the validation and test sets are presented in Table
and Table[5.2] In Table[5.1], the overall training accuracy is the binary accuracy across
all the stations in the training set and is from the epoch where validation accuracy
reached its peak. The validation accuracy is the accuracy achieved on the under-
sampled evaluation set. The validation set accuracy is also the overall accuracy of the
previously shown accuracy grids. The same applies to test sets.

For many rotations, there is a clear difference between the training, validation, and
test performance. The comparative visibility estimator performs better on training
data, or stations it has learned from. When stations are reserved as the validation or
test set, their accuracies tend to be lower than the overall training accuracy. Batavia
and Glen Falls are the exception, where the model has better performance on the
Batavia validation and test sets than over the stations in the training sets. The model
has better performance on the Glen Falls validation set than on the training set, how-

ever, this is not true for the Glen Falls test set.
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Rotation | Overall Train Acc. Valid Station Valid Acc. Test Station Test Acc.
0 76.4% Potsdam (POTS) 79.0% Queens (QUEE) 75.8%
1 76.1% Queens (QUEE) 78.8% Batavia (BATA) 78.7%
P 73.5% Batavia (BATA) | 83.7% | Buffalo (BUFF) | 71.5%
3 78.9% Buffalo (BUFF) 68.9% Elmira (ELMI) 69.7%
4 78.0% Elmira (ELMI) 66.2% | Gabriels (GABR) | 68.5%
5 75.4% Gabriels (GABR) 74.6% Glen Falls (GFAL) | 71.7%
6 76.5% Glen Falls (GFAL) 80.6% | Johnstown (JOHN) | 70.2%
7 76.6% Johnstown (JOHN) | 70.8% |Manhattan (MANH)| 72.5%
8 75.8% Manhattan (MANH) | 74.2% Penn Yan (PENN) | 73.9%
9 77.9% Penn Yan (PENN) 72.1% Potsdam (POTS) 76.1%

Table 5.1: Validation and Test set accuracy for each rotation.

Some stations show an opposite trend, where their validation and test set accuracies
are significantly lower than the overall training accuracy. When Buffalo and Elmira
comprise the validation and test sets, their accuracies do not even reach 70%. This
reflects the results seen in the training sets. Some stations like Buffalo and Elmira
have physical conditions that detrimentally affect performance. The model’s ability to
learn and generalize to these stations are largely impacted by the stations’ short field
of view, limited view of the sky, and high distances between the camera and visibility
Sensor.

While the under-performance of some stations may suggest over-fitting to the train-
ing set, the over-performance of some stations provide some evidence that some stations
have a better baseline performance than other stations. Table|5.2 shows the difference
in model accuracy on each station for the under-sampled training, validation, test sets.

The binary accuracy of examples where the query and reference images have the
same visibility is not representative of the model’s performance. As mentioned in the

previous section, the accuracy in these cases is expected to be approximately 50%. In
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Station Training 2019 Acc. | Validation 2021 Acc. | Test 2022 Acc.
Batavia (BATA) 88.9% 85.9% 80.1%
Buffalo (BUFF) 77.0% 70.9% 72.8%
Elmira (ELMI) 73.9% 67.6% 71.3%
Gabriels (GABR) 84.9% 76.6% 70.1%

Glen Falls (GFAL) 85.2% 82.4% 73.7%
Johnstown (JOHN) 80.0% 73.2% 71.3%
Manhattan (MANH) 85.2% 76.5% 74.5%
Penn Yan (PENN) 83.7% 73.1% 75.4%
Potsdam (POTS) 82.7% 80.8% 78.0%
Queens (QUEE) 84.9% 80.6% 77.4%

Table 5.2: Validation and Test set equivalence exclusion accuracy.

order to get a deeper understanding the performance of the model on the different
stations, I exclude the equivalence cases when calculating the accuracies for Table [5.2]
I also use the under-sampled 2019 set for calculating the training accuracy for each
station.

The table demonstrates a clear degradation of performance from when a station
is used in the training set to when a station is used in the validation or test set. In
seven out of the ten rotations, the model performs better when a station is in the
validation set as compared to the test set. On average, there is a 5.9% difference in
the model’s performance between when a station is in the training set versus when
it is in the validation set. Even more so, there is an average 8.1% difference in the
model’s performance between when a station is in the training set versus when it is in
the test set. One reason could be that after training the model’s weights are restored
to the weights it had during the epoch with the highest validation accuracy. Since
the validation accuracy does not increase much through the epochs, the saved model
could be over-fitted with respect to the training and validation data or under-fitted

with respect to the test data.
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Figure 5.6: Test vs. Validation equivalence exclusion (EE) accuracy for each station.

Although there is a difference in performance between the validation and test sets,
generally if a station has a higher accuracy in the validation set, the station will have
a higher accuracy in the test set. This can be seen in Figure where there is a slight
linear relationship between validation and test set performance.

The difference in performance between the stations and the rotations could partially
be explained by the location difference between the NYS Mesonet camera and the
ASOS visibility sensor. In order to easily visualize how the location of the camera
and visibility sensor affects performance, I computed a combined metric between the
horizontal distance and elevation difference. I first normalize the horizontal distances

and elevation difference for each of the camera, visibility sensor pairs between 0 and 1:
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dk - min(do, dl, PN dk, PN dn)
max(dy, dy, ...dy, ..., d,) — min(do, dy, ...dy, ..., d,)

normalize(dy) =

(5.1)

where I use the minimum and maximum distances or elevation distances. After nor-
malizing, I average the normalized distance and elevation difference together. This
produces a normalized metric that signifies how “far” the sensors are from each other
for each station, where 0 signifies the camera and visibility sensor for a site are closer
together than any other camera and visibility sensor among other stations, and 1 sig-
nifying that the camera and visibility sensor for a site are the furthest apart amongst
other stations. Figure shows the normalized combined distance metric plotted
with respect to the test set accuracy for each station. Stations with overall high per-
formance in the test set tend to have camera and visibility sensors that are closer
together, while stations with an overall low performance as the validation and test
sets tend to have camera and visibility sensors that are closer further apart. This due
to the de-correlation between the visibility measured by ASOS sensor and the visual
phenomena present in the NYS Mesonet camera image. As these sensors are further
apart, the de-correlation grows.

Queens is an exception to this pattern, where although the camera and visibility
sensor are fairly far away the model is still able to achieve a fairly high accuracy. This
is because of two reasons. The first reason is that the Queens station has a long and
wide field of view with visible landmarks up to 9 miles away. The second reason is that
Queens is located in a coastal area of New York. The coastal fog may be more uniform,
wide spread, and lingering than advection or localized fog found in other environments.

Because of the persistent quality of coastal fog, there may be more correlation between
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Figure 5.7: Normalized distance metric vs. test set accuracy.

the camera and visibility sensor even with their high distance and elevation difference.
Glen Falls is another exception where it has low test accuracy and have a camera and
ASOS sensor that are close together. Glen Falls has a high accuracy in the validation
set, in addition, has a very short field of view which could be impacting its performance
when in the test set.

Stations Batavia, Potsdam, Queens, and Glen Falls are the best examples of cross-
station generalization. As Batavia changes from being in the training set to the vali-
dation set, there is some degradation in performance, as shown in Figure [5.8] yet, the
model is still able to distinguish between difference visibility distances with reasonable
accuracy. However, there is additional degradation in performance when Batavia is in
the test set, where different visibility distance clusters become more difficult to distin-
guish between, such as 1 to 2.5 miles and 3 to 10 miles. Potsdam also shows a similar

pattern were visibility clusters of weak performance begin to form as a station moves
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Figure 5.9: Potsdam accuracy grids across training, validation, and test years.

from the training set to a validation or test set. In these low performance visibility
clusters the model is less likely to distinguish between finer visibility gradations (Fig-

ure This is strongly apparent in when Potsdam is in the test set. There are two

prominent square regions of decreased performance, the first in the range of 1.25 to 2.5
miles and the second in the range of 3.0 to 9.0.
Queens shows similar behavior not just in the validation and test sets, but in the

training set as well (see Figure Similarly, Penn Yan shows these clusters of low

performance as well as specific visibility values that tend to be difficult to predict on

(see Figure These bands of low performance tend to occur between 1 and 2 miles,

where the step difference between visibility readings is quite small. These bands also
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Figure 5.11: Penn Yan accuracy grids across training, validation, and test years.

tend to occur between 5 and 9 miles, where the step difference between the visibility
readings might be large, however, the visual difference in the image could be small or
non-existent.

Some stations that had low accuracies when in the training set, such as Buffalo,
Elmira, and Johnstown, suffered a further degradation of performance when in the
validation and test set. However, some stations demonstrated unique results in their
performance. When Gabriels is in the test set, results for query and reference images
with a 0.13 visibility distance produced accuracies so low the model was performing

worse than random chance (Figure
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Figure 5.12: Gabriels accuracy grids across training, validation, and test years.

Upon further investigation of images with a 0.13 visibility distance in 2022, there
seems to be an unusually high amount of mislabeled examples. Figure [5.13| shows
various images of drastically different visibility conditions that were all labeled as 0.13
miles by the nearest ASOS visibility sensor. At Gabriels, the closest mountain peak
in the background is approximately 2 miles away while the furthest mountain peak is
approximately 10 miles away. In addition, the closest tree line is approximately 300
feet away from the camera, and the slightly further tree line is approximately 0.5 miles
from the camera. The image closest to a true visibility distance of 0.13 is Figure |5.13al,
while the rest have incorrect labels. The model’s inability to predict on pairs including
images with a visibility distance of 0.13 miles may have been a combination of inability
to generalize and incorrect labels found in 2022.

This issue is not exclusive to Gabriels. Many stations have mis-labeled examples
through out different visibility bins, especially the low visibility cases. This further
contributes to the model’s low performance near the diagonal for many stations. How-
ever, this highlights one of the strengths of the comparative visibility approach. Since,
the data set has a significant amount of noise, the true labels do not need to be exact
in order for the model to learn comparative visibility. If a query image is labeled with

a visibility distance of 0.13, however has a true visibility distance of 3 miles, and a
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(d)

Figure 5.13: Images from the Gabriels NYS Mesonet station during 2022 where the
closest ASOS station reported a visibility of 0.13 miles.

reference image is labeled with a visibility distance of 10 miles, however, has a true
visibility distance of 6 miles, both images have a significant amount of noise in the
label, however, the model’s prediction should be the same. The comparative approach

allows the model to learn how to distinguish visibility in context of highly noisey data.

5.2 Numerical Visibility Prediction

5.2.1 Temporal Generalization Results

During cross-validation, the years 2021 and 2022 were reserved exclusively for validation
and test sets in order to assure temporal independence between the folds. Since entire

years of data were reserved, the validation and test years of stations in the training set
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can be evaluated to quantify temporal generalization of the models. This demonstrates
how well the model works on previously seen stations, however, unseen years.

Figure shows the spread of numerical visibility predictions of Batavia for each
true visibility distance bin. When Batavia is in the validation set (examples belonging
to the year 2021), the model generally predicts a numerical visibility distance within
range of the true visibility distance. However, as the true visibility distance increases,
the error also increases (full breakdown of RMSE for each station and visibility value
is in Appendix [B.2)).

One of the reasons for the high variance in visibility distance prediction for each
of the unique visibility bins is the low correlation between the visibility phenomena
captured by the camera image and the measurement from the visibility sensor. In Fig-
ure [5.15] all query images along the left hand column have a true visibility distance of
1.5 miles. The right column shows the output probabilities, in blue, of the comparative
visibility estimator when the image is compared to the set of reference images. The
orange line is the fitted sigmoid, and the red star is the numerical visibility prediction
for the query image.

Panel (a) is the image with the smallest numerical prediction amongst query images
with a reported visibility distance of 1.5 miles. Panel (c¢) has a numerical visibility
prediction that matches the 25th percentile of all visibility predictions for images with
a 1.5 miles visibility distance. Panel (e) has the median prediction of all visibility
predictions for images with a 1.5 miles visibility distance. Panel (g) has a numerical
visibility prediction that matches the 75th percentile of all visibility predictions for
images with a 1.5 miles visibility distance. Finally, panel (i) is the image with the
largest numerical prediction amongst query images with a reported visibility distance

of 1.5 miles.
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Figure 5.14: Boxplot for numerical predictions on Batavia 2021 using model from
rotation 0.

In the image with the smallest numerical prediction (a), the slightly visible tree line
is less than a half mile from the camera. The model’s prediction of 0.42 is reasonable,
even though the reported ASOS visibility measurement is over 3 times that value. The
image with the median numerical prediction (e) is a good example where the ASOS
visibility reading and the visual features in the image correlate. The tree line that is
less than a half mile away from the camera is visible, although foggy, signifying some
reduction in visibility, however, greater than half a mile. The model predicts 1.78
miles, which is reasonably close to 1.5 miles for practical purposes. The image with
the numerical prediction closest to the 75th percentile (g) shows a very similar seen
to the previous image (e), but has a much higher visibility prediction. One possible

reason is the lack of snow in image (g). Most low visibility examples correlate with
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Figure 5.16: Predictions for Batavia 2021 and query images with a reported visibility
distance of 0.13 miles. While all images have the same reported visibility, there are
clearly different visibliity conditions depicted in each of the images.

some sort of weather, albeit precipitation or snow. These weather conditions are more
likely to occur in the winter months where there tends to be less greenery and more
seasonal conditions like snow cover. In the image with the largest numerical prediction
(i) the tree line is fairly clear with some localized mistiness, however, the mistiness
seems to be due to some moisture on the camera lens. The model is robust to this
camera occlusion and still accurately predicts a high visibility distance of 8 miles, even
though the ASOS station is reporting 1.5 miles.

Moreover, there often is a de-correlation between the camera images and the vis-
ibility measurements. This is especially noticeable among lower visibility conditions.
Figure depicts the median and maximum prediction for query images with a re-
ported visibility of 0.13 miles. The image with the median prediction (a) has a scene

is truly saturated with fog, thus has an extremely reduced visibility of less than half a
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Figure 5.17: Boxplot for numerical predictions on Batavia 2022 using model from
rotation 0.

mile, while, the image with the maximum prediction (c) is more clear where the half
mile tree line is visible although slightly foggy. The model’s predictions reflect what
is visually present in the images, where image (a) has a predicted visibility distance
of 0.37 miles and image (c) has a predicted visibility distance of 1.62 miles. These
predictions reflect visually what is captured by the Mesonet camera than the ASOS
reported visibility of 0.13 miles.

These results are also reflected in the test set. The spread of numerical visibility
predictions is similar in the test set than in the validation set (see Figure [5.17). As
shown in Figure [5.18] all images along the left hand column are examples where the
reported visibility distance is 1.5 miles. All examples except the 25th percentile image

(c) have reasonable visibility estimates that are more representative of what is depicted
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in the image than the reported ASOS visibility distance. The 25th percentile example
(c) has an obscured lens with impacted snow. Since there is no automatic filtering of
obscured images, they exist within the training set. The model predicts a numerical
visibility estimate of 1.37 miles, which is not depicted by the image. However, the
model’s output probabilities are not spread widely. Since obscured cases exist within
the training set, the model may learn that snowy conditions that lead to an obstructed
lens correlates to a reduced visibility distance.

The numerical visibility prediction results for Gabriels tells a similar story. Like
Batavia, the range of predictions increase as query image visibility increases. In ad-
dition, for visibility distances like 4.0 miles, predictions can range from 0.13 miles to
7.0 miles (Figure . Like Batavia, some of this is due to the desparity between the
camera image and the visibility measurements. Figure [5.20[ shows the minimum, 25th
percentile, median, 75th percentile, and maximum predictions for query images with
a reported visibility of 2.0 miles. Image (a) depicts a scene where the secondary tree
line that is approximately 0.3-0.5 miles from the camera is completely obscured by fog.
The model predicts 0.17 miles for the image’s visibility distance, albeit the reported
visibility is 2.0 miles. The 25th percentile and median predictions have images where
the secondary tree line is visible. However, the closest mountain (which is approxi-
mately 5.0 miles away) is slightly visible, but perhaps not entirely distinguishable from
the sky. The model’s predictions of 1.37 and 1.83 miles, respectively, are reasonable
for the query images. The 75% prediction has an image where the closest mountain
is visible. Although the prediction of 2.44 miles is higher than the predictions for im-
ages (c) and (e), it is a miss-estimation of the true visibility, which should be closer
to 5.0 mile. However, again, the true visibility in the camera image does not match

the reported 2.0 miles. Finally, the maximum prediction is fairly accurate given the
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Figure 5.19: Boxplot for numerical predictions on Gabriels 2021 using model from
rotation 3.

query image of (i). The mountain range, which is 8-9 miles away from the camera at
its furthest point) is completely distinguishable from the sky and the model predicts
an appropriate visibility of 8.43 miles.

Not all images have a clear visibility estimate. Fog can be localized to specific
regions, especially advection fog which hovers close to the ground. This is particularly
visible in (a) and (c) of Figure[5.21] Owverall, the images look clearer than the reported
visibility of 0.25 miles. The model agrees and predicts low visibility values of 0.17 and
0.22 miles, respectively. I believe this is due to the high amounts of low lying, morning
fog that is frequently present at the Gabriels station. This is particularly present in

the training set. Figure shows that 0.25 mile visibility often occurs at 10 or 11
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Figure 5.22: Histogram of which hours of day that 0.25 mile visibility is reported.

UTC (6am or 7am local time) during the year of 2019. The fog that occurs is most
likely the field condensation that happens in the morning. The ASOS station is almost
30 meters lower in elevation than the NYS Mesonet station. Due to this difference in
elevation, it is likely that the ASOS station is picking up on more dense, low-lying fog
than what is present at the NYS Mesonet station. This affects how the model identifies
low visibility conditions for Gabriels, and results in images with advection fog being

flagged with lower visibility than what is actually depicted in the camera lens.

5.2.2 Cross-site Generalization Results

Although temporal generalization is important, the comparative visibility estimator
was designed to be a general visibility estimator in order to assess the visibility of any
location. The results in this section are for the validation and test sets for different

rotations.
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Figure 5.23: Boxplot for numerical predictions on Queens 2022.

Like the results shown in the previous section, the numerical visibility predictions
often vary widely. However, for most stations, as the query image’s visibility increases,
so does the prediction (see Appendix for full breakdown). This is true for Queens
when it is not included in the training set, but rather is the test station (Figure .
However, for the Queens station the variance of predictions is quite high for many of
the visibility distance levels. Like before, it can be helpful to look at the minimum, 25th
percentile, median, 75th percentile, and maximum predictions. In Figure [5.24] all of
the query images have a reported visibility of 4.0 miles, however, visibility predictions
range from smallest reportable visibility of 0.13 miles to the highest reportable visibility
of 10.0 miles. Upon visual inspection of each of the images, the model’s predictions

are reasonable, if not fairly accurate in measuring the actual visibility of each image.
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Figure 5.25: Predictions for Queens 2022 and query images with a reported visibility
distance 0.13 miles.

Furthermore, visibility level 0.13 miles has an unusually high variance for its numer-
ical visibility predictions, especially when compared to 0.25 miles. However, when look-
ing at the images associated with the median and maximum predictions, the model’s
assessment of the underlying visibility is more accurate than the reported ASOS visi-
bility (Figure [5.25).

Not all stations had such a high variance of prediction values. Some stations had
the opposite where the model seemed predict visibility values within a small range for
all query images. When Elmira was designated as the test station, the model predicted
visibility values with a median of approximately 2.0 miles for most visibility distance
groups (Figure . Even more unusual, there was more variance in the prediction
values among query images with lower visibility distances than higher visibility dis-

tances. However, if we look at the minimum, 25th percentile, median, 75th percentile,
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Figure 5.26: Boxplot for numerical predictions on Elmira 2022.

and maximum predictions for query images with a reported visibility of 3.0 miles, the
model seems to be making reasonable predictions (Figure .

One extremely unfortunate aspect of Elmira is that most of the scene is occupied
by a tree line that is extremely close to the camera. There are little to no other features
that can be used to gauge visibility distances much farther than 0.5-1 mile. In the highly
obscured example (a), the model accurate predicts the lowest reportable visibility value.
In the images with the numerical prediction closest to the 25th percentile (c), median
(e), and 75th percentile (g) the visibility appears to be relatively the same. The model
predicts a visibility distance around 1.5 miles to 2.0 miles for each of these images.
Although the reported visibility for those images is 3.0 miles, there are no major visual
cues to distinguish 1.5 miles of visibility to 3.0 miles of visibility. The model predicted

a maximum of 6.36 miles (i) which depicts a bright day with a strikingly blue sky. The
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image with the maximum numerical prediction (i) probably has a true visibility of 10
miles, however, there is no way to visually distinguish between 6 miles and 10 miles
for this particular site.

When looking at the 25th percentile, median, 75th percentile, and maximum pre-
dictions for query images with a reported visibility of 10.0 miles, it becomes clear that
the maximum discernible visibility for Elmira is somewhere close to 3.0 miles (Fig-
ure [5.28)). Image (a) and (i) show the most extreme predictions for query images of 10
miles. Although the prediction for image (a) is wrong and the prediction for image (i)
reaches up to 8 miles, this is representative for the majority of predictions for query
images of 10 miles. When looking at the 25th percentile, median, and 75th percentile
predictions, it demonstrates that when Elmira is experiencing high visibility conditions,
the model predicts around the 2.0 to 3.0 mile range.

This is further supported with looking at the reference images for 2.0, 3.0, and 4.0
miles (Figure . The reference image with a reported visibility distance of 2.0 miles
has a slight hazy to it, but in reference images for 3.0 and 4.0 miles the tree line is
completely distinguishable from the sky and there is no apparent fog present in the
scene. Due to these limitations, the model is not able to reliably predict higher than 3
miles of visibility for the Elmira station.

Some stations prove to be especially difficult to generalize. The model’s ability to
generalize to the Manhattan station was significantly different depending whether it
was in the validation set or test set (Figure . Manhattan is a unique station where
one of the main issues is that, in low visibility conditions, fog is not always uniformly
distributed across the scene. For example, the image with the maximum numerical

prediction (i) in Figure shows a fairly clear day where all of the buildings in the
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(a) 2.0 miles (b) 3.0 miles (c) 4.0 miles

Figure 5.29: Selection of references images for Elmira with visibility distances (a) 2.0
miles (b) 3.0 miles and (c) 4.0 miles.
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Figure 5.30: Boxplot for numerical predictions on Manhattan (a) 2021 and (b) 2022.
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scene are present. However, in image with the median prediction (e) the top of long
skinny building (432 Park Ave) is obscured. This often happens in reduced visibility
cases at the Manhattan station. The tops of the skyscrapers are obscured when fog rolls
in, so the visibility distance is different in the top half of the scene than the bottom half.
Images with the 25th percentile (¢) and maximum (i) numerical prediction show where
the model is accurately assessing the depicted visibility. However, the images with
the median (e) and 75th percentile (g) numerical predictions have some fog, however,
the buildings in the distance that are at least 2.0 miles away are still visible. The
model under-predicts in these cases, perhaps due to the non-uniform fog. Sometimes

the sigmoid does not fit well to the comparative visibility estimator probabilities and
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Figure 5.31: Predictions for Manhattan 2022 and query images with a reported visi-

bility distance 5.0 miles.
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the model is unable to predict a numerical visibility value. In this case, the model is
struggling to generalize to the Manhattan station, so there is often more variance in
the comparative visibility estimator probabilities.

Ultimately, this approach is designed to be used as a visibility monitoring tool, so
its important to look at the performance of the models over different time periods.
Figure shows the reported visibility readings for the Batavia station for January
13th, 2022. The red line shows the ground truth ASOS reported visibility. The blue
line shows the visibility predictions from a model trained with Batavia in the training
set, and the blue dotted line shows the visibility predictions from the model trained
where Batavia was in the test set. The images underneath the plot show sample
images from different hours of that day. The model where Batavia was in the training
set follows the ASOS measurements closely over 10 hours of the day. The model which
was trained while Batavia was in the test set captures the general trend, but struggles
with estimating the high visibility cases. However when examining the sample images
from the different hours of the day, the model from the rotation where Batavia was
in the test set does quite well considering the visual features present in each of the
sample images. The tree line in the image is approximately a half mile away from the
camera, so images from hours 17 to 22 all look pretty similar. The model with Batavia
in the training set may be able to pick out the subtle variations in the sky to determine
higher visibility cases, however the model with Batavia in the test set cannot.

Figure shows the visibility readings and model predictions for Queens on
November 4th, 2022. Here the model predictions both from the model where Queens
was in the training set and the model where Queens was in the test set closely follow the

ASOS readings. The Queens station has a long field of view, with buildings in frame
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Figure 5.32: Visibility readings and predictions for (a) Batavia on January 13th and
sample images from different hours of the day (b)-(f).

that are up to 9 miles away. Unlike Batavia, there are many features and landmarks
in the Queens station camera view that can signify visibility distances of larger values.

However, not every station demonstrates an ability to follow the ASOS measure-
ments throughout the day. Figure shows the visibility readings and model pre-
dictions for Elmira on November 11th, 2022. As the visibility varies between 2 and
10 miles throughout the day, both the training and test model’s prediction are stable

around 2 miles. This is primarily due to the very short field of view at Elmira, where
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Figure 5.33: Visibility readings and predictions for (a) Queens on November 4th and
sample images from different hours of the day (b)-(f).
the maximum discernible visibility is much shorter than the maximum ASOS value at
10.0 miles. This is also reflected in the sample images (b)-(f) where the scene looks
approximately the same throughout the day. Some stations show a significant differ-
ence of performance between the training sets and the test sets. Figure shows
the visibility readings and model predictions for Manhattan on February 13th, 2022.
Here the model trained on Manhattan is able to match the ASOS visibility readings
closely, however, the model from the rotation where Manhattan was in the test set

made predictions that did not match the ASOS readings. However, when looking at
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Figure 5.34: Visibility readings and predictions for (a) Elmira on November 11th and
sample images from different hours of the day (b)-(f).

the sample images, it is difficult to tell the visibility distances represented in the images
at this location, especially since the fog present is non-uniformly distributed across the
scene. Overall, the models are reasonably detecting the visibility that is truly depicted

within the images, even if, it does not reflect the ASOS visibility.
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Figure 5.35: Visibility readings and predictions for (a) Manhattan on February 13th
and sample images from different hours of the day (b)-(f).
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Chapter 6

Discussion and Conclusions

Low visibility conditions affect all types of vehicular transportation, from large oper-
ations like air travel and maritime shipping, to individual automotive vehicles. Dense
fog or severe weather can greatly impact the speed, reliability, and safety of vehicular
travel. While current visibility estimates are limited by the location of expensive visibil-
ity sensors, CCTV and web cameras are inexpensive and require minimal maintenance.
Due to their low cost and ease of deployment, cameras have become increasingly ubiq-
uitous in public and private spaces. Image-based visibility detection has the potential
to provide accessible visibility measurements to under-supported or large areas.

However, image-based visibility estimation is not without its considerable chal-
lenges. Visibility measurements are inherently associated with the depth of a scene,
however, monocular 2-D images are flat. The location of landmarks in a camera image
are often unknown, and the position of these landmarks are generally not be available
for new locations or sites. In addition, image-based visibility data sets difficult to
procure and publicly available data sets are scarce. Existing data sets have their own
drawbacks, such as images from a small number of unique locations, the lack of low
visibility examples, or significant noise in the data (e.g., camera lens obstructions, sun
glare, de-correlation between the images and visibility labels).

With these challenges in mind, I have proposed and described a novel solution
to determine the comparative visibility from two images and translate comparisons

between a unknown query image and a set of known reference images to a numerical
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visibility estimate. I have also curated a new image-based visibility data set from a
combination of publicly and privately available sources, ASOS network and the NYS
Mesonet, respectively. This data set spans seven years and consists of ten unique
locations. Since the data is collected over many years, low visibility conditions are
documented in many of its different forms, at different times of day, and at different
times of year. This is unique, since many visibility data sets consists of examples
collected over several months or artificially generated from static scenes. Furthermore,
the locations are spread across the state of New York. These locations include rural
and urban landscapes that depict exceedingly different landmarks and fields of view.
The scenes captured by these images also change over time, adding necessary and vital
variation to the data set which aided in training robust models.

As demonstrated in Chapter [5] the model is able to determine the comparative
visibility between two images with considerable accuracy, given the significant pres-
ence of mislabeled examples. The comparative approach provides tolerance for many
mislabeled examples, since the visibility distances of the query and reference images do
not always have to be exact. For example, a reference image may be correctly labeled
with a visibility distance of 1 mile, and a query image may have a reported visibility of
2.0 miles, but a true visibility of 10.0 miles. Even though the visibility measurement is
8 miles off for the query image, the model should predict the same output label. The
query image is still more visible than the reference image.

The results outlined in Section [5.1] demonstrate that the models are able to distin-
guish between different visibility conditions, especially in image pairs that express very
different visibility conditions. However, when the query and reference images have a
similar visibility, it becomes more difficult for the model to determine which image is
more visible than the other. This is primarily caused by two impeding factors, 1) often

times there are no visually detectable differences between certain visibility values (e.g.,
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1.75 miles and 2.0 miles), and 2) there may be a de-correlation between the conditions
represented in the image and the detected visibility from the ASOS sensor. For exam-
ple, a reference image may be correctly labeled with a visibility distance of 1.75 miles,
and a query image may have a reported visibility of 1.50 miles, but a true visibility of
2.0 miles. Even though there is only 0.5 mile error in the query image label, this flips
the expected prediction. In these cases, the model may accurately measure the correct
comparative visibility, but in turn cause a negative impact on its accuracy. Therefore,
comparisons that are close to being equivalent are inherently difficult and are more
subject to the noise in the data set.

Overall, the comparative visibility estimator shows an ability to determine the
relative difference in visibility of images taken at unseen locations. Although there was
a degradation in performance between the training, validation, and test sets, the model
was still able to largely distinguish between different visibility conditions.

Using the comparative visibility estimator, a query image’s true underlying visibility
can be inferred by comparing the query to a set of labeled reference images. The
output from these comparisons can be translated to a numerical visibility distance.
The transition between where the model reports that the query image is more visible
than a reference image and that the query image is less visible than a reference image
is used as the numerical visibility prediction. Section [5.2] shows at length that this
approach is able to predict reasonable visible estimates, with respect to the visual
limitations present in the images.

Numerical visibility predictions from this approach tend to have a high variance.
On the surface this indicates a high error, however, when looking at specific examples,
I show that that there is prevalent de-correlation between what is being captured by

the NYS Mesonet camera images and what is being reported by the ASOS visibility
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sensors. At times, the model’s predictions seem to be more accurate than the associated
visibility label.

The numerical visibility results also reflect the maximum discernible visibility for
many stations. Although ASOS visibility measurements report up to 10 miles, some
NYS Mesonet cameras may only capture scenes that depict landmarks up to 0.5 miles
and have a discernible visibility up to 2 miles. For many stations, the field of view
is reduced by impeding landmarks or camera positioning. This causes the model to
predict up to this maximum discernible visibility, especially in the test set results.

In addition, the model was not able to generalize to all stations. Some stations
demonstrate non-uniform fog in the images, which makes it difficult to ascertain the
true underlying visibility distance. In these cases, there is no accurate way to determine
the true visibility for the overall scene, since multiple visibility distances are represented
in one scene.

Furthermore, the model performed better on locations that were in the training set
rather than in the validation and test sets. This is primarily because observational
images of landscapes (especially those of the NYS Mesonet) do not to substantially
change over time. In addition, low visibility conditions may look radically different
based on time of day or season, however, what low visibility looks like for a specific
location is fairly consistent. New years of data are unlikely to show novel low visibility
conditions that are not represented in previous years. This is a key issue with much of
previous work in image-based visibility estimation. Many approaches use randomized
training, validation, and test sets that are not partitioned with respect to time. This
causes strong autocorrelation between the different sets and limits the application of
the models. The final results for these prior models do not show how the model would
perform on new data, since the validation and test sets are not temporally indepen-

dent from the training set. However, my approach directly addresses the temporal
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autocorrelation prevalent in image-based visibility data sets by creating temporally in-
dependent training, validation, and test sets. In this work, model performance on the
test set is a valid indicator on how well my approach would perform on completely new
data. This approach could potentially perform even better in deployment if visibility
limits, reflecting maximum discernible visibility, are specified for each site.

Image-based visibility detection for specific locations could be useful. However,
this approach requires thousands of images labeled with associated visibility distances.
It is exceedingly important to develop a model that can ascertain visibility at novel
locations, that do not have a visibility sensor. Cross-site generalization is a task that
is largely unaddressed in the vast majority of previous proposed approaches in image-
based visibility estimation. All of the deep learning approaches discussed in Chapter
do not explicitly show results for novel or unseen locations. To my knowledge, this
work is the first to explicitly attempt to construct a cross-site visibility detector and
provide detailed results on the approach’s generalizability.

In conclusion, this approach demonstrates an ability to determine visibility from
camera images. This approach is generalizable to new locations, only requiring a small
set of reference images for each location. The proposed approach also demonstrates an
ability to learn in the presence of non-trivial label noise and adapt to different locations
with varying fields of view. Furthermore, this work also shows an automated way to

select reference images for locations where visibility estimates are accessible.

6.1 Future Work

Due to the prevalent label noise in my data set, it is vital to determine the true accuracy
of the models with respect to a reliable ground truth. This can be done by collecting

a clean set of human-verified labels and investigating how well the current models
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perform on this cleaned data. Furthermore, the current model architecture could be
trained on a hand labeled suite of images. The resulting models could possibly produce
more accurate comparisons or estimations than current models trained using the ASOS
labels. In addition, the current models or the proposed models, those trained with
hand labeled data, could provide candidate labels or be used in another process to
filter the existing labels for a second stage model. The second stage model would learn
from the candidate or filtered labels in the hopes of increasing overall accuracy and
generalizability beyond current results.

This work could also be extended to real-world categorical visibility labels such as
the visibility grading for aviation, maritime, or automotive applications. The perfor-
mance of the model could be verified by domain-experts or end users with the intent
of deployment. This could prove useful for monitoring visibility over large areas with
limited resources or sensor availability.

Furthermore, the current model does have some problems generalizing to new loca-
tions. Adding more stations or locations to the training set may help improve accuracy
in the validation and test sets. Substantial architecture changes could also be helpful
for improving the performance of the model. The overall architecture could be opti-
mized by careful experimentation with the various hyperparamters, the input image
size, and the model complexity. In addition, the model could potentially be improved
by leveraging historical unlabeled data from a site and develop a site specific model that
captures useful features and image regions for estimating visibility. Furthermore, inte-
grating an attention mechanism or XAl techniques could possibly improve performance
and give helpful insight on how the model currently works. Further experimentation
with model explainability would allow for better communication with end users and

facilitate better impacts in deployment.
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Appendix A

Implementation Details

A.1 Determining RGB vs. Grayscale Image

All NYS Mesonet camera images are stored with the same size of 720 pixels in height,
1280 pixels in width, and 3 color channels, regardless if the image was captured in
RGB or grayscale modes. In order to determine which images are RGB and which
were Grayscale, I compared each of the color channels. If the color channels were
found to be equal I flagged the image as grayscale, and if the color channels were
different I flagged the image as RGB (Gaudet| 2021)).

A.2 Sunrise and Sunset Time based on Latitude
and Longitude

When filtering images by sunset and sunrise time, I use the sunrise and sunset times
of a location given its latitude and longitude. I use the package “suntime” in Python
to do this. However, there is bug where if the sunset time for a given day is past
midnight, the suntime package reports the sunset time correctly, however, reports the
current day instead of the next day. This caused issues with filtering images between
sunrise and sunset time, because if the bug was triggered it would flag all images as
being outside of sunrise and sunset time. In order to quickly correct this, I just had a
flag that if the sunset time occurs before sunrise, add one day to the sunset time.

A.3 Comparative Model Training Details

Both the CNN and DNN blocks use L2 regularization. For model training, I use an
Adam optimizer and binary cross entropy for the model’s loss function. Since my
data set is composed of over 2 million images, the total number of possible query and
reference images pairs is (2 - 109)%. This is too many pairs to iterate through for one
epoch in training, so I limit the number of pairs per epoch to the total number of
training images divided by two. This is the same for the validation set, where after
each epoch the model is validated on a subset of the possible pairs (number of validation
pairs is the total number of validation images divided by two). I also use early stopping
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Hyperparamter Value

L2 Penalty 0.0001

Learning Rate 0.0002

Early Stopping Patience 15 epochs

Early Stopping Minimum Delta | 0.0001
Batch Size 256

Padding (CNN) valid
Spatial Dropout (CNN) 0.1
Dropout (DNN) 0.3

Table A.1: Training hyperparameters.

where I monitor the validation loss. The specific values of training hyperparamters can

be found in Table [A1]

During training, the model weights were check-pointed after every epoch. After
the training ending, the check-pointed model weights from the epoch with the highest

validation accuracy were restored.
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Appendix B
Detailed Results

B.1 Comparative Visibility Estimator Results

These accuracy plots demonstrate the results for the comparative visibility estimator.
The plots are broken down by station and year. The years 2021 and 2022 comprise
the validation and test sets, respectively. The training set results are comprised of
only 2019 for brevity. These plots were generated by under-sampling, such that each
visibility increment has approximately the same representation in the subset. Every
possible pair of images from the subset is passed through the model in order to produce
the accuracies for each grid in the plots.

(a) Training Set, 2019
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Figure B.1: Batavia accuracy grids across training, validation, and test years.
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Figure B.2: Buffalo accuracy grids across training, validation, and test years.
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Figure B.4: Gabriels accuracy grids across training, validation, and test years.
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-1.0 -10 -10
10.0 - 1 099 099 097 099 1 099 097 097 094 092 089 10.0 — 098 097 095 093 092 093 093 092 092
7.0- 095 037 055 051 0ss ass 0ss 092 oo L 0o 7.0 - 059 o097 | oo | oo
5.0- 1 099 097 093 096 097 096 092 5.0 — 092 072|076
4.0 —099 097 095 09 095 083 081 08 4.0 - 09 093 082 08 X 076 c 08
3.0- 1 o9 055 08 093 09 E 30— . o7
2.5 -0z 058 07 3 25-0m 07 07
2.0 - 094 087 081 069 2.0 —oss LR
175 - om fo ors ors 06 06 073 073071 073 06
> 1.5-09 o076 o 05 E 1.5 o8 : 0s 074 079 fon |1 1| 07 ' 05
g
o
o015 0.4 0.4 0.4
066 086 091 094 082 099 03 03 03
1 | RN 0.2 U 0.2 [ U 02
0.250.50.751.01.251.51.752.0 2.5 3.0 4.0 5.0 7.010.0 0.250.50.751.01.251.51.752.0 2.5 3.0 4.0 5.0 0.250.50.751.01.251.51.752.0 2.5 3.0 4.0 5.0 7.010.0
Reference Visibility (mi) Reference Visibility (mi) Reference Visibility (mi)
(a) Training Set, 2019 (b) Validation Set, 2021 (c) Test Set, 2022
Figure B.6: Johnstown accuracy grids across training, validation, and test years.
100~ 1 1 09909909059 1 097 1 099 057 094 094 383 5 L0 10.0- 1 1 05036 1 059 1 1 098097 094 097 09508 00 AT L0 e
9.0- 1 1 098097097098 1 093099096 091 9.0 —0.99 0.99 0.94 0.93 0.97 0.9 0.96 0.95 0.95 0.92 0.86 0.91 IR0 o 2
8.0- 1 1 098097097098 1 093098093085 L LEELEN -0.9 8.0 —0.99 0.99 0.94 0.94 0.98 0.98 0.98 0.99 0.97 0.62 0.88 0.94 0.85 |/ EEEN -09 -09
7.0- 1 1 057095 097 097 098 093 057 09 |1 ILRERTSEN 7.0 —032 098 094 053 096 095 0.4 095 034 08 083 oa (1
. 6.0 —050 055 094 0:92 0.94 093 035 089 0.52 0is2 (AT 2 08 6.0 —0.98 098 0,95 0.93 097 0.96 0.96 0.97 0.9 0.69 085 0.6 KRR 08 0.8
'E 5.0 —0s9 059 095 052 091 089 09 085 084 [RAD
. 4.0-1 1 090309 01092 087 086} 0.7 0.7 0.7
3.0 —0.58 0.95 0.93 089 0.7 0.7 0.75 0 6
B o8 074 c.c 0.1 0 0.3 051 e 06 06 0.6
> 094 094 098
5175.u (108 0% 1 1 0.5 05 05
=4 0.98 0.97 0.99 0.4 0.4 44 0.48/0.47 0. 6 07 0.75/0.79 0.78 08 0.4
10781 0.69 0.45 0.55 0.68. 098 0.99 0.99 . ) )
11 03 03 RIAZIOT 084 085 085 09 092 034 092 091 03
T 0.2 0.2 0.2
=
. 553 L
E
Reference Visibility (mi) Reference Visibility (mi)

(a) Training Set, 2019 (b) Validation Set, 2021 (c) Test Set, 2022

Figure B.7: Manhattan accuracy grids across training, validation, and test years.
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Figure B.9: Potsdam accuracy grids across training, validation, and test years.
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B.2 Numerical Visibility RMSE Results

These tables depict the root mean squared error (RMSE) for the numerical visibility
estimation task. The tables break down the error by station and by visibility incre-
ment. Some stations did not have all visibility increments represented in every year.
A horizontal line is used to denote station and visibility increment combinations that
did not occur.

Visibility (mi) | BATA | BUFF | ELMI| GABR | GFAL | JOHN | MANH | PENN | POTS | QUEE
0.13 0.51 1.12 | 099 | 1.24 | 0.22 — — 0.61 — 1.43
0.25 0.68 | 0.77 1.1 0.96 | 0.79 1.1 1.02 1.61 0.8 14
0.5 1.01 | 0.87 | 0.95 1.11 0.82 1.3 1.2 1.73 0.6 1.89
0.75 1.05 | 092 | 093 | 1.24 | 0.74 | 0.75 1.8 1.6 0.67 | 1.51
1.0 1.03 | 0.8 | 1.13 | 1.37 | 0.73 | 1.13 1.44 1.59 | 0.53 1.64
1.25 1.11 | 0.62 | 0.61 1.63 | 0.86 1.5 2.35 213 | 0.85 | 0.87
1.5 143 | 0.71 0.5 1.23 | 0.57 | 1.15 1.45 1.7 0.66 1.19
1.75 1.67 | 0.79 | 0.52 | 1.45 0.57 | 0.64 1.81 1.65 | 0.55 | 0.97
2.0 1.53 | 0.68 | 0.58 | 1.35 0.73 0.6 1.68 1.71 | 0.59 1.42
2.5 1.78 | 1.29 | 0.83 | 1.39 | 0.88 1.1 1.73 1.83 0.8 1.39
3.0 1.78 | 1.33 | 1.15 | 1.58 1.13 | 1.51 1.82 1.64 1.13 1.7
3.5 1.7 1.62 1.6 1.75 1.41 — — 1.5 — 1.39
4.0 1.75 | 2.04 | 2.06 | 1.96 1.75 | 2.17 2.04 1.58 | 1.76 1.84
5.0 1.76 2.9 296 | 233 | 234 | 293 2.18 1.8 244 | 2.04
6.0 1.75 | 3.79 | 3.95 | 2.82 3.22 — 2.15 2.13 | 3.31 2.29
7.0 1.75 | 458 | 491 | 3.34 | 3.99 | 4.47 2.51 2.61 | 433 | 2.61
8.0 1.84 | 542 | 588 | 3.83 4.8 — 2.77 3.25 5.1 2.6
9.0 1.9 591 | 6.88 | 3.96 | 5.57 — 3.69 3.99 | 584 | 3.09
10.0 1.21 | 6.31 | 7.59 3.1 4.84 5.6 2.8 3.52 | 541 1.59

Table B.1: Average root mean square error by visibility distance for each station when
it was represented in the training set, but using an unseen year of data from 2021.
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Visibility (mi) | BATA | BUFF | ELMI | GABR | GFAL | JOHN | MANH | PENN | POTS | QUEE
0.13 0.34 | 0.66 | 0.68 | 1.93 | 041 — — 0.96 — 1.88
0.25 1.09 | 1.19 | 093 | 1.74 1.06 | 1.05 0.78 1.6 1.06 1.34
0.5 1.06 | 0.73 | 0.88 | 1.17 1.6 2.03 0.95 1.48 0.6 2.36
0.75 092 | 0.58 | 0.78 | 1.08 1.6 1.58 2.05 1.46 1.0 1.43
1.0 094 | 092 | 069 | 1.87 | 091 | 0.58 0.9 1.44 1.11 1.61
1.25 1.22 | 0.57 | 0.62 | 2.69 1.06 | 0.76 2.07 1.47 | 0.62 1.48
1.5 1.07 | 1.31 | 0.61 2.2 099 | 1.11 1.02 1.86 | 0.98 1.64
1.75 1.06 | 1.35 | 0.65 | 2.14 1.26 | 0.78 1.55 177 | 1.02 | 215
2.0 1.26 0.9 0.59 | 1.88 1.0 0.92 1.5 1.91 | 0.94 1.87
2.5 1.23 | 1.23 | 0.84 | 2.57 1.17 | 1.03 1.36 1.82 | 1.04 1.72
3.0 1.53 | 1.46 1.2 2.11 1.31 2.0 1.51 2.03 1.7 1.69
3.5 1.74 | 1.75 | 1.67 24 1.53 — — 2.04 — 1.75
4.0 1.83 | 2.16 | 2.18 | 2.07 1.84 | 1.93 2.14 2.06 1.83 1.86
5.0 2.12 3.1 3.11 | 243 | 238 | 2.64 2.71 225 | 262 | 2.14
6.0 24 4.01 | 4.03 2.8 3.35 — 3.06 2.65 3.3 2.23
7.0 2.7 498 | 5.05 | 3.14 | 415 | 4.03 3.59 3.13 | 419 | 248
8.0 3.38 | 5.78 | 6.04 | 3.48 | 4.86 — 3.99 3.8 5.09 | 3.07
9.0 3.54 | 6.85 | 699 | 3.97 | 5.66 — 4.79 4.22 | 588 | 4.02
10.0 269 | 6.77 | 7.62 | 2.56 | 4.59 | 5.05 4.38 3.13 | 5.28 2.1

Table B.2: Average root mean square error by visibility distance for each station when
it was represented in the training set, but using an unseen year of data from 2022.
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Visibility (mi) | BATA | BUFF | ELMI| GABR | GFAL | JOHN | MANH | PENN | POTS | QUEE
0.13 021 | 0.19 | 1.75 | 4.59 | 0.29 — — 0.94 — 1.66
0.25 0.27 | 3.72 | 1.89 | 4.32 231 | 048 2.24 2.67 | 1.61 2.02
0.5 0.45 | 3.21 | 1.58 | 344 | 2.53 | 0.39 1.05 2.78 1.41 3.01
0.75 0.67 | 455 | 1.44 | 297 | 297 | 0.28 2.65 259 | 099 | 2.86
1.0 0.98 | 4.18 | 1.55 2.9 2.77 | 0.26 2.48 253 | 1.05 | 3.04
1.25 1.07 | 3.58 | 1.15 3.5 2.71 1.2 3.14 3.17 1.1 2.58
1.5 1.34 4.8 0.93 | 3.21 2.45 | 0.57 2.96 2.74 1.0 2.8
1.75 1.64 | 445 | 0.71 3.5 2.51 | 0.73 2.73 2.78 1.04 | 2.93
2.0 1.39 | 431 | 0.64 | 333 | 3.02 | 0.94 3.22 3.06 | 1.09 | 3.54
2.5 2.04 | 462 | 0.59 | 3.37 | 2.66 14 3.16 296 | 1.08 | 3.18
3.0 2.22 4.7 082 | 3.73 | 3.21 1.9 3.56 2.63 1.45 | 3.62
3.5 2.34 4.2 1.29 | 3.67 | 3.18 — — 2.38 — 3.12
4.0 2.76 4.0 1.68 | 3.52 3.53 | 2.82 3.99 2.47 1.7 3.43
5.0 3.23 | 3.38 | 2.61 | 3.35 3.61 | 3.84 4.22 2.23 2.1 3.25
6.0 3.36 | 2.89 | 3.57 | 2.92 3.59 — 4.06 2.04 | 3.07 | 2.81
7.0 3.66 | 2.41 | 4.47 2.8 3.48 | 5.77 4.58 2.11 | 3.73 | 2.26
8.0 3.95 | 1.97 | 5.39 | 2.79 | 3.47 — 4.91 2.57 | 455 | 2.03
9.0 4.5 1.72 | 6.37 | 299 | 3.77 — 5.73 3.22 5.1 1.92
10.0 2.11 2.8 6.41 1.53 | 3.19 | 8.66 4.46 2.58 | 5.34 1.14

Table B.3: Average root mean square error by visibility distance for each station when
it was not represented in the training set, but rather in the validation set. In addition,
this uses validation data from the year 2021.
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Visibility (mi) | BATA | BUFF | ELMI| GABR | GFAL | JOHN | MANH | PENN | POTS | QUEE
0.13 0.11 1.36 | 0.89 | 7.89 1.22 — — 1.67 — 2.77
0.25 0.25 | 2.29 | 1.18 | 5.77 3.8 0.37 0.09 2.92 0.7 24
0.5 0.24 | 1.85 | 1.01 | 3.53 | 4.95 | 0.33 0.26 244 | 035 3.9
0.75 0.36 | 1.55 0.9 3.38 | 444 | 0.18 0.47 2.06 | 0.55 | 3.17
1.0 0.49 | 2.37 | 0.71 4.1 3.72 0.3 0.68 1.74 | 1.13 | 3.68
1.25 0.63 | 231 | 0.75 | 4.83 | 4.22 | 0.42 1.71 1.62 | 0.54 | 3.46
1.5 0.78 | 3.82 | 0.83 | 493 | 3.84 | 0.71 1.18 2.1 0.78 | 3.58
1.75 098 | 331 | 0.9 | 5.06 | 3.71 | 0.87 1.41 2.2 1.19 | 4.28
2.0 1.17 | 3.42 0.8 o.17 | 4.14 | 1.07 1.77 243 | 1.13 | 3.78
2.5 1.62 | 3.26 1.0 5.25 | 438 | 1.53 2.09 2.31 1.45 | 3.98
3.0 209 | 329 | 1.35 | 493 | 428 | 2.34 2.52 2.48 1.98 | 3.62
3.5 254 | 284 | 1.84 | 4.62 | 4.32 — — 2.34 — 2.88
4.0 291 | 299 | 233 | 4.32 | 4.03 | 3.07 3.49 241 2.27 | 3.25
5.0 3.8 283 | 324 | 383 | 3.77 | 4.01 4.45 232 | 3.05 2.8
6.0 4.59 | 2.65 4.2 3.27 | 3.21 — 5.34 252 | 3.79 | 233
7.0 544 | 296 | 521 | 2.73 | 2.76 | 5.88 6.28 2.68 | 4.82 1.84
8.0 6.42 | 3.32 | 6.11 | 2.12 2.31 — 7.27 3.26 | 5.72 1.56
9.0 7.0 4.19 | 712 | 1.75 1.77 — 8.31 3.54 | 6.58 1.96
10.0 6.89 | 3.25 | 747 | 0.79 1.1 8.6 9.15 2.29 | 6.01 1.35

Table B.4: Average root mean square error by visibility distance for each station when
it was not represented in the training set, but rather in the test set. In addition, this
uses test data from the year 2022.
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B.3 Numerical Prediction Results Break Down

These boxplots demonstrate the numerical visibility prediction results broken down
by station and year. The x-axis bins the images by their reported ASOS visibility
increment. The y-axis shows the spread of numerical visibility predictions for each
visibility increment. The 25th percentile, median, and 75th percentile are show in
the boxplots in the standard way, however, the whiskers represent 1.5 times the inter-
quartile range. This was done to omit the numerous outliers that would have cluttered
the boxplots (conveniently, this is the default behavior of matplotlib).
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Figure B.11: Boxplots for numerical predictions on Batavia 2021 and 2022 using a
model that was trained with Batavia in the training set.
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Figure B.12: Boxplots for numerical predictions on the validation set Batavia 2021 and
the test set Batavia 2022.
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Figure B.13: Boxplots for numerical predictions on Buffalo 2021 and 2022 using a
model that was trained with Buffalo in the training set.
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Figure B.14: Boxplots for numerical predictions on the validation set Buffalo 2021 and
the test set Buffalo 2022.
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Figure B.15: Boxplots for numerical predictions on Elmira 2021 and 2022 using a model
that was trained with Elmira in the training set.
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Figure B.16: Boxplots for numerical predictions on the validation set Elmira 2021 and
the test set Elmira 2022.
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Figure B.17: Boxplots for numerical predictions on Gabriels 2021 and 2022 using a
model that was trained with Gabriels in the training set.
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Figure B.18: Boxplots for numerical predictions on the validation set Gabriels 2021
and the test set Gabriels 2022.
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Figure B.19: Boxplots for numerical predictions on Glen Falls 2021 and 2022 using a
model that was trained with Glen Falls in the training set.
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Figure B.20: Boxplots for numerical predictions on the validation set Glen Falls 2021
and the test set Glen Falls 2022.
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Figure B.21: Boxplots for numerical predictions on Johnstown 2021 and 2022 using a
model that was trained with Johnstown in the training set.
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Figure B.22: Boxplots for numerical predictions on the validation set Johnstown 2021
and the test set Johnstown 2022.
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Figure B.23: Boxplots for numerical predictions on Manhattan 2021 and 2022 using a
model that was trained with Manhattan in the training set.
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Figure B.24: Boxplots for numerical predictions on the validation set Manhattan 2021
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Figure B.25: Boxplots for numerical predictions on Penn Yan 2021 and 2022 using a
model that was trained with Penn Yan in the training set.
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Figure B.26: Boxplots for numerical predictions on the validation set Penn Yan 2021
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Figure B.27: Boxplots for numerical predictions on Potsdam 2021 and 2022 using a
model that was trained with Potsdam in the training set.
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Figure B.28: Boxplots for numerical predictions on the validation set Potsdam 2021
and the test set Potsdam 2022.
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Figure B.29: Boxplots for numerical predictions on Queens 2021 and 2022 using a
model that was trained with Queens in the training set.
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Figure B.30: Boxplots for numerical predictions on the validation set Queens 2021 and

the test set Queens 2022.
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