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§ Summary
Etosha National Park is too vast, geographically diverse, and limited in operational resources to
be protected uniformly. Due to the extremely dry conditions and limited water supply, wildlife is
unevenly dispersed, tending to gather around waterholes. Threats vary as well, with poaching risks
increasing around intrusion points and wildfire danger particularly concentrated on the western half
(Turner et al., 2022). On top of that, detecting a threat is only meaningful if rangers can actually
respond quickly enough to make a difference. In this context, we define protection as the fraction
of expected ecological loss that is prevented. This turns the task into an optimization problem:
given limited personnel, patrol hours, drones, and sensors, where should resources be placed, and
how can we allocate them, to minimize harm?
To answer that question, we built a geographic optimization model grounded in four main components:

• a park-wide spatial layer encompassing roads, camps, waterholes, terrain, and fire hazards.
This data was extracted from open source databases like NASA FIRMS and POWER, giving
the rest of the model a foundation to build on.

• ecological consequence and threat heatmaps that identify the areas of highest vul-
nerability and ecological value. After normalizing environmental and operational variables,
these layers were combined into a baseline loss surface showing regions of the park facing the
greatest expected ecological harm.

• a terrain-aware mobility model that integrates slope-adjusted road travel and Tobler’s
hiking function for off-road traverse to estimate how quickly each section of the park can be
reached. Travel time is then translated to response success through a logistic curve.

• a mixed-integer optimization model that creates a deployment plan based on a package
of patrol routes, drone sorties, and sensor sites. Using a bounded concave piecewise-linear
surrogate for detection, the probabilistic overlap of patrols, drones, and sensors was incorpo-
rated within a Mixed Integer Linear Program (MILP) to maximize avoided loss under staffing
constraints.

Under the baseline package of 10 patrol routes, 4 drone sorties, and 12 sensor sites, the model
recommends a hotspot-first deployment strategy concentrated near waterholes and road-reachable
corridors. The estimated protection indices (fraction of loss avoided) are 0.148 for dry-season
poaching, 0.136 for wet-season poaching, and 0.129 for the combined all-threat scenario. However,
within the highest-risk 10% of grid cells, the protection index is substantially higher at 0.250, showing
that the model prioritizes depth over breadth. The operational plan requires 83 active personnel,
which converts to about 291 total staff, placing it just below the park’s 295-person ceiling. The
staffing curve shows diminishing returns, with protection beginning to plateau near 167 active
personnel, equivalent to 595 total staff.
Robustness tests show that under fixed baseline deployment, protection in the combined case
gradually levels off. This indicates that the model should be used as a strategic planning tool that is
rerun as seasonality, staffing, and threats change. Lastly, the same mathematical structure can be
transferred to other parks, such as Yellowstone and Kaziranga, as long as the ecological features,
mobility assumptions, and operational constraints are recalibrated locally.
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§ Letter to IMMC
Dear IMMC,
Five days ago, you handed us a challenge worthy of a very sleep-deprived team of three student
mathematicians: Build a model to help guide protection strategies for large wildlife reserves, starting
with Etosha National Park. We’re glad to report that in this remarkably short span of time, our team
was able to develop a robust mathematical model for limited resource allocation and turn it into a
complete and actionable deployment strategy for Etosha National Park. What sets Etosha apart
from other reserves is its scarce water supply. As such, the park’s waterholes serve as lifelines for
wildlife, pulling animals into concentrated, high-stakes zones. That is why our strategy deliberately
deprioritizes some areas to deploy patrols, drones, and sensors in the most vulnerable zones where
ecological importance, danger, and rapid response overlap.
To build out this plan, we divided Etosha into 996 grid cells, each measuring 5 km by 5 km, and
evaluated every cell by asking four practical questions: Which cells are the most ecologically valuable?
Which areas are most exposed to threats? Where are incidents most likely to be detected? And
where can response teams arrive in time? Our model considers a wide range of factors –including
terrain, proximity to gates and fences, wildfire-prone areas, and roads – to determine the inherent
value of each cell. Crucially, a threat that is seen but cannot be reached in timely manner is not
actually worth protecting, so response speed is ingrained in the model from the very start.
As mentioned in our summary, our deployment plan relies on a baseline package of 10 patrol routes,
4 drone sorties, and 12 sensor sites, which is a realistic workload for Etosha’s 295 staff members.
Under the combined scenario, our hotspot-prioritizing plan is estimated to prevent about 13% of
expected ecological harm across the park and 25% of expected harm within the most vulnerable
10% of locations. While these figures may not seem staggering at first glance, they are meaningful
precisely because the park is so vast and resources are so limited. In fact, that margin of protection
can mean the difference between survival and local extinction for endangered species such as the
black rhino.
To put the effect of staffing into perspective, our model shows that increasing Etosha’s workforce to
417 total staff would raise the park-wide loss-prevention rate to approximately 16%–a meaningful
improvement, but one that requires a 43% increase in personnel. Beyond 585 staff, however, our
model shows clear diminishing returns, where additional rangers are largely sent to areas that are
low-risk or so remote that slow response times make intervention unlikely anyway. Lastly, our model
found that staffing shortfalls were the single most influential factor affecting protection, with a 30%
reduction in staff corresponding to a 15.8% decline in protection.
Overall, we recommend that Etosha adopt the hotspot-first baseline strategy proposed, prioritize
staff and rapid response, and rerun the model whenever seasons, staffing levels, road access, or threat
patterns change. Because the program also reran successfully on Yellowstone and Kaziranga after
local recalibration, we believe our model is a credible and transferable method for parks in general.
Attached below is an infographic of our Etosha deployment plan and the benefits it provides. We
would like to extend our gratitude to IMMC for giving us a chance to showcase our mathematical
modeling, critical thinking, and problem solving skills to tackle real-world challenges.
Yours sincerely,
Team 2026025
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