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Sun-Aware Routing for Enhanced Driving Safety Using A* 
Search and Real-Time Atmospheric Conditions      
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ABSTRACT: Sun glare is one of the most common natural causes of traffic accidents and can also contribute to the 
disengagement of camera-based autonomous vehicles, leading to uncomfortable or unsafe transitions back to human control. 
Traditional navigation systems ignore the position of the sun, which can significantly reduce visibility and safety during commutes, 
especially during sunrise and sunset. This paper presents a routing algorithm for minimizing sun glare exposure in navigation 
during sunset commutes. It uses solar position data from PySolar and road networks in the form of NetworkX graphs from 
OpenStreetMap (OSM) to compute sun-aware routes using the A* search algorithm. The cost function assigned to each edge in 
the NetworkX road graph is a linear combination of the sun position and travel time. Unlike prior methods, it integrates real-time 
cloud cover data and evaluates disengagement reduction for paths evaluated using this sun-aware routing algorithm. It achieves 
up to a median 36% decrease in aggregate glare as measured by a cost function which uses sun position as a proxy for glare while 
keeping the travel time to within a median 15.4% increase of the benchmark. When applied to real-world disengagement data 
from a 2021 Tesla Model Y, the algorithm demonstrates preliminary evidence of a statistically significant reduction in autopilot 
disengagements in a small, single-vehicle trial under clear-sky conditions during sunset, with up to a median 33.3% fewer high-
glare segments while keeping the travel time to within a median 14.6% increase of the benchmark. This proposed algorithm was 
tested using NetworkX shortest_path paths as a benchmark. Future extensions of this project could include developing a more 
generalized routing graph with time-varying penalties incorporating dynamic factors like real-time traffic and weather conditions, 
and roadside obstacle-aware glare modeling for more accurate navigation.
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�   Introduction
Thousands of crashes happen every year because drivers are 

blinded by the sun, and current GPS systems don’t address 
this problem. Commonly used navigation systems like Google 
Maps, Apple Maps, or Waze do not take temporally-depen-
dent environmental factors into account while calculating 
routes, opting to optimise for either distance or time. Sun glare 
was the second most common factor in approximately 9,000 
car crashes, second only to slick roads, representing about 17% 
of the 52,000 crashes with environmental-related critical rea-
sons surveyed by the National Motor Vehicle Crash Causation 
Survey (NMVCCS), where Emergency Medical Services were 
dispatched.1 

While least-time or least-distance courses may be an opti-
mal approach during times when the sun does not interfere 
with vision, such routes might cause accidents on affected 
roads. Bahnesen and Mayster show that driving with sun glare 
can result in (i) visual impairment, (ii) delayed reaction time, 
(iii) increased risk of accidents, and (iv) driver distraction and 
discomfort.2 Das et al. list seven key factors that influence glare 
risk, (i) relative sun position, (ii) cloud cover, (iii) atmospheric 
refraction, (iv) heights of buildings and trees along the road(s) 
traveled, (v) road infrastructure like tunnels and overpasses, (vi) 
reflectivity of the surrounding buildings and objects, and (vii) 
reflectivity of the road’s surface.3

To quantify glare more specifically, Guo et al. measured the 
relative position of the sun as measured by the azimuthal and 

altitudinal angles from the driver’s eyes, which resulted in the 
most glare being an azimuthal angle between (-57.7°, 57.7°) 
and an altitudinal angle (5.6°, 29.0°).4 In this case, the azimuth-
al angle is defined as the angle between the driving direction 
and solar azimuth, not relative to true north. By integrating sun 
position and vehicle-specific glare sensitivity into navigation, 
we can improve driver safety without significantly compromis-
ing travel-time. 

Previous work has explored partial solutions to glare-aware 
navigation. Das et al. introduced a dynamic glare-aware rout-
ing approach based on sun angle data.3 Li et al. proposed a 
method to detect obstacles like trees and buildings blocking 
sunlight in cities using Google Street View (GSV) to create 
an obstacle-aware glare model for more accurate navigation.5 
However, these models do not incorporate real-time atmo-
spheric conditions. To address this gap, we extend prior work 
by integrating live cloud cover data from Open-Meteo and 
weighting schemes based on user feedback into a dynamic sun-
aware routing algorithm.

Our sun-aware routing algorithm is compared to a shortest 
path route generated using the nx.shortest_path function as 
a benchmark for statistical analysis. A route will be modified 
from its time or distance optimized counterpart when it di-
rects the commuter to proceed directly towards either a sunrise 
or a sunset. However, this may result in dramatically higher 
travel times and distances. We evaluate how much a sun-aware 
routing algorithm can reduce sun glare exposure during sunset 
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commutes by comparing its performance against the fastest 
route provided by Google Maps using a glare metric based 
on solar position along the path. We further evaluate the ef-
fectiveness of our algorithm by measuring the difference in 
the number of disengagements a Tesla Model Y experiences 
while travelling a solar-optimized route versus a shortest path 
route given by the NetworkX module. We used the shortest 
path route from NetworkX because, unlike other routes from 
services like Google Maps, it doesn’t account for live traffic 
conditions.

�   Methods
This routing algorithm modifies traditional A* search to 

account for sun glare during travel. The system integrates 
real-world geographic data, solar position calculations, and 
real-time weather data to generate routes that effectively min-
imise both travel time and glare exposure. The overall pipeline 
consists of four key components: graph construction, sun glare 
modeling, cost function design and weight assignment, and 
customized A* search.

Graph Construction:
We begin by generating a Directed Multidigraph from 

real-world geographical road network data from OpenStreet-
Map’s Python module OSMnx. Each node in the graph 
represents an intersection. We filter out nodes with fewer 
than 3 roads intersecting there. This means dead ends and 
cul-de-sacs are removed - only four-way and T-intersections 
are considered in the map. Furthermore, we filter out undriv-
able roads. Then, we convert the data from the ECEF (Earth 
Center, Earth Fixed) coordinates provided by OpenStreetMap 
to Latitude and Longitude for the convenience of subsequent 
steps. Using this location data, a sun-glare weight can be calcu-
lated and assigned to the edges between two nodes.

Sun Glare Modeling:
In order to quantify the amount of glare entering a driver’s 

eyes, we use a custom cost function by using the position of 
the sun as a proxy for sun glare. We use the Python module 
PySolar to get accurate solar position relative to a point on the 
Earth’s surface at any time, given the azimuthal angle θ and 
the altitudinal angle φ. From here on, the azimuthal angle re-
fers to the angle measured relative to true north. Note that the 
numbers PySolar produces are a result of mathematical com-
putation and modeling of solar position instead of real-time 
experimental values.

To be useful as a sun glare penalty, this cost function must 
have two characteristics:

1) It must be large when the sun is closer to the horizon and 
small when it is near midday or under the horizon.

2) It must be large when the driver is facing toward the sun 
and small when the driver is facing away.

To address the first characteristic, the cost function must 
have a factor of 1-sin(θ) This function has a maximum when 
φ=0 and a minimum when θ=90°. However, to address the 
glare penalty going to zero when the sun is under the hori-
zon, we must take the maximum of 1-sin(θ) with 0. Therefore, 

the first factor of the glare penalty function is glarePenalty = 
max(0,1 - sin(θ)).

Furthermore, one can intuitively see from Figure 1 that a 
driver would have less glare if they are heading in a direction 
that is not pointed straight at a sunrise or sunset. Hence, we 
multiply again by the cosine of the difference between the sun’s 
azimuth with respect to north and the car’s heading with re-
spect to north to fulfill the second characteristic, cos(| φ - φ |). 
To prevent the azimuthal component of this glare penalty 
function from going below zero, we take the maximum be-
tween it and 0, max(0, cos(| φ - φ |)).

GlarePenalty = max(0,1 - sin(θ)) . max(0, cos(| φ - φ |))              (1)

If the altitude is less than zero, the sun is under the horizon, 
and the cost function is assigned the value 0. Similarly, from 
Figure 2, if the car is facing more than 90° away from the sun 
in either direction, the sun is behind the driver, and the cost 
function is assigned the value 0. The final pseudocode for the 
solar component of the cost function is as follows:
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Figure 1: This figure depicts the definition of the altitude of the sun and 
shows that a higher weight should be assigned to smaller values of φ.

Figure 2: This figure depicts the definition of the relative azimuth of the sun 
as | φ - φ | and shows that if | φ - φ | were greater than 90°, the car would be 
facing away from the sun. Hence, routes facing away from the sun experience 
minimal glare, guiding the algorithm to favor such headings.
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In order to calculate the glare component of the edge cost 
function, we sample multiple evenly spaced points between 
two nodes and take the average glare value across those points. 
While this approach is effective for relatively straight roads, it 
could lead to incorrect modelling for curvy roads. We don’t ad-
dress this limitation in this paper beyond this short disclaimer 
and leave a more thorough treatment of this issue to future 
research.

Figure 3 shows the value of the cost function at different 
times throughout the day. As per intuition, the figure shows 
spikes during sunrise and sunset when the glare is the highest, 
and smaller values as midday approaches and during the night.

Edge Cost Function:
We define a custom edge cost function as a weighted sum of 

travel time on that edge and glare penalty:

cost(e) = α . glarePenalty (e) . (1-α) . travelTimePenalty(e)        (2)

To ensure the two components are comparable and that the 
weights α are more interpretable, both the distance and glare 
penalty terms are normalized across the entire graph using 
min-max normalisation:

(3)

This normalisation allows for consistent scaling through-
out the graph, allowing the cost function to reflect the desired 
trade-off between distance and glare-avoidance.

Additionally, before being added to the travel time compo-
nent of the cost function, the glare penalty is multiplied by a 
coefficient representing cloud conditions. When queried for 
cloud cover data, Open-Meteo outputs a number between 0 and 
1 representing what percent of the sky is covered with clouds 
at a given location. The cloud conditions multiplier is simply 
1-γ where γ is the percent of the sky covered with clouds.

cost(e) = (1-γ) . α . glarePenalty (e) + (1-α) . travelTimePenalty(e)                   (4)

Note in Figure 4, most of the values are centered around 0. 
For the glare cost, this is because half of the roads in the graph 
face away from the sun, therefore earning a glare cost close to 
0. Simultaneously, the cars travelling on the other lane of the 
two-way road face directly toward the sun. These roads are the 
ones responsible for the cluster around 0.8. The graph of travel 
time looks highly skewed to the right because most roads in 
the city of Fremont are residential streets and intersect abun-
dantly with each other. Since each intersection is a node in the 
graph, many edges have a small travel time weight associated 
with them.

The tunable parameters 𝛼 were chosen by looping through 
values of 𝛼 between 0 and 1 in increments of 0.1 and deter-
mining whether the difference in travel times and aggregate 
glare between the benchmark paths and custom paths sampled 
across 500 points is statistically significant for that coefficient. 
The benchmark paths of this statistical analysis were simply 
the shortest path between two nodes.

The primary objective of this analysis was to determine the 
statistical significance of the observed differences in two key 
areas: travel times and aggregate glare. We did this using the 
Wilcoxon signed-rank test since the results of a Shapiro-Wilk 
test on the distributions of percentage improvement in aggre-
gate glare, number of disengagements, and travel times were 
statistically significant. These differences were evaluated by 
comparing the performance of benchmark paths against a 
set of custom paths from our sun-aware routing algorithm, 
evaluated on 500 distinct westward start-end pairs to ensure 
a representative dataset. The statistical significance testing 
aimed to determine whether the observed variations were 
genuine and attributable to the parameter adjustments, rather 
than merely random fluctuations.

This exploration allowed for a detailed understanding of 
how changes in the tunable parameters influenced the over-
all system performance, as well as helped us determine which 
parameter resulted in the best improvement in aggregate glare 
while keeping the sun-aware path’s travel time to within a 20% 
increase of the benchmark travel time. A 20% increase in travel 
time was chosen as a practical threshold to balance improved 
glare reduction with acceptable delays for typical drivers.
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Figure 4: This figure shows the frequency of each value of the glare and 
travel time components of the cost function for Fremont, California, at 8:00 
PM on June 15, 2025. The glare component has not been multiplied by the 
cloud conditions multiplier. The travel time weights are heavily skewed to the 
right, while the glare component is more uniformly distributed. This means 
that the α-value does not effectively represent the relative importance of glare 
and travel time in this cost function. However, this is not particularly relevant 
to our analysis since it relies on comparing these α-values.

Figure 3: This figure shows the values of the glare cost function evaluated 
at 37.5, -122 latitude and longitude on June 12, 2025. This is taken as the 
aggregate of a measurement taken facing east and west. The sun rose at 5:46 
AM PDT and set at 8:30 PM PDT. The glare peaks at sunrise and sunset, 
validating the efficacy of this cost function.
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atmospheric awareness into routing algorithms can enhance 
driving safety with minimal efficiency trade-offs.

Sun-Aware Routing Statistical Analysis
We evaluated 500 westward-facing paths for α ∈ [0, 1] at 

7:50 PM in Fremont, a suburban city; San Francisco, an urban 
city; and Gilroy, a rural city on June 19, 2025, and report sta-
tistically significant results for any improvement in aggregate 
glare and travel time. We evaluate our model on these three 
development types to test its sensitivity to the setting.

From Figure 5, it is evident that increasing the glare-weight 
parameter (α) lowers both the mean and median aggregate 
glare, whereas raising the travel-time weight (1-α) lowers the 
mean and median extra travel time. In order to find the weights 
that result in an improvement in aggregate glare while keeping 
the travel time to within 20% of the benchmark value, we use 
a one-sided Wilcoxon signed rank test. Since the Wilcoxon 
tests are non-parametric, they do not require the assumption of 
normality of the differences.

The first test evaluated whether sun-aware routes reduced 
the aggregate glare metric, asking whether the median percent 
change in the aggregate glare between the calculated path and 
benchmark path was greater than zero. The second test evalu-
ated whether the increase in travel time remained acceptable, 
testing whether the median percent change in travel time did 
not exceed 20%. Table 2 shows the p-values for each α-value 
across rural, suburban, and urban settings.

A* Search Algorithm:
We apply the A* algorithm to compute the shortest path 

with respect to our custom cost function. A crucial part of the 
A* algorithm is the heuristic, which is an optimistic estimate 
(underestimate) of the distance between every node and the 
destination node. The heuristic used is the great-circle distance 
(Haversine Distance) between the current node and the des-
tination. This is an optimistic estimate because the Haversine 
Distance between two points on Earth is the smallest distance 
between them. Roads are often not direct conduits between 
a start point and a destination. Hence, this heuristic is good.

We also normalise the heuristic to prevent it from over-
powering the edge weights. This is once again done through 
min-max normalisation (Equation 2). Since both the travel 
time and glare components of the edge weights are normalized 
between 0 and 1, the edge weights are all values between 0 and 
2. In order to keep the heuristic on the same scale as the edge 
weights, we multiply the normalized heuristic by 2 to scale it 
to the scale of the edge weights.

�   Results 
Main Findings:

As summarized in Table 1, the Sun-Aware Routing algo-
rithm significantly reduced driver glare exposure across rural, 
suburban, and urban environments while maintaining travel 
times close to those of the benchmark shortest-path routes. 
For moderate glare-weighting values (α = 0.1–0.2), median 
aggregate glare decreased by approximately 9–36 %, with cor-
responding travel-time increases of only 2–15 %. These results 
indicated that modest adjustments to route cost weighting 
could yield substantial visibility and safety improvements.

When the model was applied to real-world Tesla Autopilot 
data, glare-related disengagements were concentrated at so-
lar-cost values above 0.85, consistent with reduced visibility 
conditions. By avoiding these high-glare segments, the algo-
rithm reduced predicted disengagement exposure by roughly 
25–30 %, while maintaining efficient travel times. These find-
ings, together with the statistical results in Table 1, provide 
preliminary evidence that incorporating real-time solar and 
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Table 1: A summary of the main findings in this investigation: aggregate 
glare, disengagement, and travel time improvement percent improvement 
values for statistically significant α - values in rural, suburban, and urban cities. 
An α -value of 0.1 meets all criteria for all types of cities.

Figure 5: This figure compares the percentage changes in travel time and 
aggregate glare between the benchmark path and the sun-aware path for rural, 
suburban, and urban towns. Values of α from 0 to 1 in increments of 0.1 are 
evaluated. Certain α values result in significant glare reductions, as well as 
having travel time within a 20% increase of the benchmark.
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�   Autopilot Disengagement Mitigation 
The subsequent part of our statistical analysis pertains to 

the prediction and mitigation of disengagements in 2021 Tes-
la Model Y cars during full self-driving. The results of this 
analysis are intended to be taken as preliminary results, as tests 
were conducted using only one vehicle, and minimal special 
measures were taken to control for external factors that may 
cause disengagements. The measures taken were the following: 
collecting data on a clear day, collecting data while on a main 
road in Fremont, California, and recording data as soon as the 
autopilot disengaged. The following is the data collected using 
the Compass app on an iPhone by taking a screenshot when 
the full self-drive disengages.

The following is the histogram of the frequency of each cost 
function value:

We constructed a 99% confidence interval using the fre-
quency data from Figure 7. Since this data is highly leftward 
skewed, we used Bootstrap resampling: (0.851, 0.899). We 

In the rural city of Gilroy (Table 2), the α -values of 0.1, 
0.2, 0.3, and 0.4 all produce statistically significant decreases in 
aggregate glare while keeping the travel time to within a 20% 
increase of the benchmark. In the suburban city of Fremont 
and San Francisco (Table 2), the α -values of 0.1 and 0.2 are 
the only ones that lead to such results. Table 3 shows a sum-
mary of the results from the statistical analysis, and Figure 6 
shows how the algorithm actively avoids high-glare paths by 
highlighting the divergence between the sun-aware route and 
the benchmark routes. In this particular instance, Fremont, a 
suburban city, was used with an α -value of 0.1.
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Table 2: Aggregate glare and travel time improvement p-values for different 
α in Gilroy (rural), Fremont (suburban), and San Francisco (urban). Bold 
entries indicate statistically significant results from the Wilcoxon Test. Bold 
and italicized α - values indicate those that satisfy the glare and travel time 
requirements for all geographic areas. α -values of 0.1 and 0.2 satisfy all the 
conditions.

Table 3: This table summarises the values that both decrease aggregate glare 
and keep the travel time within a 20% increase of the benchmark. α -values of 
0.1 and 0.2 satisfy all the conditions.

Figure 6: These maps illustrate the difference in route the sun-aware 
routing algorithm (green) takes compared to the shortest-length benchmark 
algorithm (red).

Figure 7: This figure shows the values of the solar cost function at which 
the full autopilot mode of the 2021 Tesla Model Y disengages due to poor 
visibility from glare. The distribution is fairly normal around the value 0.89.
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used the lower value, 0.851, as the cutoff for a 2021 Tesla Mod-
el Y being disengaged while on full autopilot.

We evaluated another 500 random westward-facing paths for 
α ∈ [0, 1] at 7:50 PM in Fremont, a suburban city; San Fran-
cisco, an urban city; and Gilroy, a rural city, on June 19, 2025, 
and report statistically significant results for any improvement 
in the number of 2021 Tesla Model Y disengagements and 
travel time. We measured a disengagement as a simple aggre-
gate of the number of roads a commuter goes on, which has a 
sun glare weight of over 0.851. Figure 8 shows all such roads in 
Fremont, California, at 7:50 PM on June 19, 2025.

Similarly to the previous grid-search, it is evident from Fig-
ure 9 that increasing the glare-weight parameter (α) lowers 
both the mean and median number of autopilot disengage-
ments, whereas raising the travel-time weight (1-α) lowers 
the mean and median extra travel time. In order to find the 
weights that result in an improvement in the number of disen-

gagements while keeping the travel time to within 20% of the 
benchmark value, we use two Wilcoxon signed rank tests again. 

The first test evaluated whether sun-aware routes reduced 
the number of disengagements, asking whether the median 
percent change in the number of high-glare segments between 
the calculated path and benchmark path was greater than 
zero. The second test evaluated whether the increase in travel 
time remained acceptable, testing whether the median percent 
change in travel time did not exceed 20%. Table 4 shows the 
p-values for each α-value across rural, suburban, and urban set-
tings.

In the rural city of Gilroy (Table 4), the α-values of 0.1, 0.2, 
0.3, and 0.4 all produce statistically significant decreases in the 
number of disengagements while keeping the travel time to 
within a 20% increase of the benchmark. In the suburban city 
of Fremont (Table 4), the α-values of 0.1 and 0.2 are the only 
ones that lead to such results. In the urban city of San Fran-
cisco (Table 4), only α = 0.1 produces statistically significant 
results. Table 5 shows a summary of the results from the sta-
tistical analysis.
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Figure 8: This map illustrates the roads in Fremont, California, which have 
a solar cost function value greater than 0.851 at 7:50 PM on June 19, 2025. 
The roads facing northwest to southeast are the ones most affected by sun 
glare during this time.

Table 4: Number of disengagements and travel time improvement p-values 
for different α in Gilroy (rural), Fremont (suburban), and San Francisco 
(urban). Bold entries indicate statistically significant results from the 
Wilcoxon Test. Bold and italicized α -values indicate those that satisfy the 
disengagement and travel time requirements for all geographic areas. An α 
-value of 0.1 meets all criteria for all types of cities.

Table 5: This table summarizes the values of α , which both decrease the 
number of disengagements and keep the travel time within a 20% increase 
of the benchmark. An α-value of 0.1 meets all criteria for all types of cities.

Figure 9: This figure compares the percentage changes in travel time 
and number of disengagements between the benchmark path and the sun-
aware path for rural, suburban, and urban towns. Values of α from 0 to 1 in 
increments of 0.1 are evaluated.
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�   Discussion & Limitations 
The statistical analysis shows that a dynamic sun-aware 

routing algorithm can measurably reduce sun glare exposure 
without disproportionately increasing travel time. Despite 
these improvements, there still exist certain limitations to 
the algorithm. Firstly, the glare model does not currently in-
corporate roadside obstacles such as buildings, foliage, or 
overpasses, which could significantly alter glare. Secondly, the 
glare calculated on curved roads may be inaccurate due to the 
straight-road approximation, which was used while assigning 
weights to edges. Thirdly, these are pilot results gleaned from 
a sample size of one. Lastly, the evaluation algorithm ignores 
possible confounding variables like traffic conditions and oth-
er route differences. These issues are deferred to future work, 
which may include obstacle-aware glare, integration with 
high-resolution 3D map data, and a real-time traffic API.

The results confirm that for α-values of 0.1 and 0.2, the 
routing algorithm achieves statistically significant reductions 
in aggregate glare while keeping travel times within 20% of 
the benchmark path. In addition to improving glare metrics, 
the sun-aware algorithm shows potential for mitigating au-
tonomous vehicle disengagements. Using disengagement data 
collected from a 2021 Tesla Model Y operating under full self-
drive, we observed that glare-optimized routes reduced the 
number of high-glare roads (defined as edges in the graph with 
a glare function value exceeding 0.851) by up to 33.3% for α = 
0.2. These results indicate that glare-aware routing has direct 
applications in enhancing the safety and reliability of semi-au-
tonomous vehicles that rely on camera-based feeds like the 
2021 Tesla Model Y.

This work provides evidence that incorporating solar angle 
and atmospheric data into path planning can improve both 
human and autonomous navigation safety. The results demon-
strate that glare-aware routing is a viable addition to existing 
navigation systems, particularly for commutes facing the sun-
rise and sunset.

�   Conclusion 
This work introduces a sun-aware routing algorithm that 

integrates real-time solar position and atmospheric data into a 
modified A* search framework. By modeling glare as a function 
of solar geometry and cloud cover, we enable safer commutes, 
especially during sunrise and sunset. Across 500 westward test 
routes, our method reduced aggregate glare by a mean of 34.9% 
with only an 18.9% increase in travel time, and we identified 
a statistically significant optimal glare-weighting parameter (α 
= 0.1, 0.2). These findings suggest that incorporating environ-
mental context into routing can directly enhance driving safety.

Future work can improve the model’s realism by incorpo-
rating 3D obstacle modeling using Google Street View data, 
as demonstrated in Guo et al.’s work. Dynamic traffic condi-
tions could be integrated via APIs such as the TomTom Traffic 
API, while the weather model could be expanded to capture 
additional atmospheric effects, including the wavelength de-
pendence of perceived glare. Evaluation could also be extended 
to a broader range of camera-based autonomous vehicles to 

better determine the glare-related disengagement threshold. 
Lastly, incorporating user-centered assessments of glare per-
ception would provide a better understanding of safety and 
comfort impacts.

In terms of real-world adoption, this approach could be 
implemented as an optional routing feature in commercial 
navigation and autonomous driving systems, similar to exist-
ing options like “avoid highways” or “avoid tolls.” Since these 
platforms already utilize real-time weather and satellite data, 
calculating solar position, cloud coverage, and glare intensity 
would require minimal additional infrastructure. This inte-
gration would make sun-aware pathfinding widely accessible, 
paving the way for safer and more context-aware navigation.
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