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summary
The Asian giant hornet (AGH, Vespa mandarinia) is one of the largest hornet species in the world.

Native to the Indomalayan region, AGH is a voracious predator of various insects, including honey
bees. On September 19th, 2019, a nest of AGH was found outside of Vancouver. Although the nest
was destroyed onsite, a swarm of surviving hornets continue to roam through nearby areas, agitating
significant public anxiety. An invading AGH population in North America could disrupt biodiversity
and threaten public health [8]. It is therefore an urgent task to contain the spread of AGH, where
we identify three important objectives: estimate AGH population dynamics, build an effective report
classification system, form a set of strategies to allocate hornet-controlling personnel.

We address the first problem by building a powerful cellular automata (CA) model with a set
of self-defined update rules. We first divide Washington State and its surrounding area into 2925
regions (or cells), each spanning an area of size 12km * 12km. To increase the accuracy of CA, we
introduce an index that captures seasonal variation in the reproductive and active level of AGH and
a suitability measure of each cell’s habitability for AGH. These indices then collectively determine
update rules for CA. The simulation given by CA depicts the following invasion dynamics: 1) Strait
of Georgia will prevent the spread of AGH colony to the west, specifically, to the Vancouver Island;
2) A proportion of AGH will first move toward the east, and then head south, most likely entering the
Okanogan-Wenatchee National Forest. 3) Another group of AGH will approach the border of Canada
where the suitability index is high. In the long run, CA simulation indicates that AGH colony will
mainly converge towards the National Forest region. To investigate the sensitivity of our model to
initial conditions, we perturb several key parameters of CA. We then calculate the distance between
output population distribution of different initialization by Kullback-Leibler divergence metric, and
construct a 95% confidence interval of AGH population for each cell region at each time step. Results
show that our CA model is insensitive to considerable change in parameters.

Civilian reports are vital for AGH containment. For textual data analysis, we applyLatent Dirichlet
Allocation to extract crucial semantics from texts. Model output indicates that most textual data are
unrelated to the classification task at hand, thus they add little value to this investigation. For image
data analysis, we construct a two-stage image classification model based on a pre-trained VGG-11
architecture followed by an SVM classifier. To deal with an extremely imbalanced dataset, we augment
images with positive labels by rotation, cropping, and Gaussian blurring. We then train our model
on image data from 2019-09-19 to 2020-05-15 and test it on 2020-05-15 and onwards, obtaining a
mean testing accuracy of 90.2% and AUROC score of 94.4%. The model also proves robust under
adversarial attacks. For regional information, we design a measure of regional report credibility over
space and time, which is crucial in the Bayesian analysis that follows. We then feed a fine-tuned version
of the obtained quantities into a Naïve Bayes inference model that outputs the likelihood of correct
classification of a given report, and can thus be used to prioritize report processing.

To further improve our model, we design a reliable update routine for incoming reports. We draw
insight from Baum-Welch algorithm and propose a novel Bayesian update method for our cellular
automata. This method makes use of Monte Carlo Sampling to calculate posterior probability of
different sets of parameters, and can extract information out of both positive and negative report.

Finally, based on the prediction of CA and the update routine, we propose a set of rules to decide
whether AGH are eradicated in Washington State. We also write a memo to the Washington State
Department of Agriculture, addressing the severity of AGH invasion and provide suggestions on
detecting AGH colonies and processing sighting reports.
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1 Introduction

1.1 Restatement of the Problem

Vespa mandarinia, commonly known as the Asian Giant Hornet (AGH), is native to temperate and
tropical eastern Asia [2] and widely feared as a species of �erce predator of honey bees. In September
2019, a nest of AGH was discovered in Vancouver and later in Washington State, agitating signi�cant
anxiety among civilians. In order to prevent AGH from wreaking havoc on local agriculture and
economies, it is imperative to track down the dynamics of AGH population. Currently, state o�cials
have collected a dataset of reports featuring public sightings of AGH. This is the starting point for our
exploration, in which we need to meet the following requirements:

ˆ a model to predict the spread of AGH in the Washington State.

ˆ a model that helps interpret public reports, by di�erentiating correct classi�cation from mistaken
ones.

ˆ a strategy that prioritizes report investigation based on the probability to �nd a real AGH given
a particular report.

ˆ a method that regularly updates our model and a criterion which indicates eradication of the
AGH population in Washington State.

Figure 1: Model Framework
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1.2 Our Approach

We propose a model framework as shown in Figure 1, consisting of two major components, the
cellular automata (CA) model and theNaïve Bayes Model, with several processes that prepare the
given dataset into inputs for the main model. Cellula automata simulate the dynamics of AGH colony,
whereas the Naïve Bayes Inference combine three quantities: the output distribution of cellula automata,
the estimates of spatial and temporal distribution of public reports frequency and the likelihood of a true
AGH report conditioned on the accompanying image data. The latter procedure allows us to provide a
score for each report, which forms our strategy in allocating resources for report investigation. As an
improvement to this framework, we also introduce the Baum-Welch algorithm to regularly update CA
with each new observations. This would lead to more robust estimate given by CA.

2 Global Assumptions

In this section, we introduce the following global assumptions; assumptions speci�c to each model will
be stated and justi�ed in their corresponding model introduction and setup.

Assumption 1 We assume every AGH individual is the same, disregarding the actual di�erence
between the workers, queens, and drones.

Assumption 2We assume all the AGH in the Washington State are introduced by the e�ect of the
�rst colony discovered at Vancouver in Sep, 2019.

Assumption 3We assume AGH is able to explore around its surrounding environments and tend
to stay at a suitable location.

Assumption 4We assume that all the geographical features and human footprint is uniform within
each cell (geographical regions de�ned in Section 4.1.2).

Assumption 5We assume the reproduction and activity rate of AGH and other bees are seasonal;
the trend is the same for every year.

3 Data Exploration

3.1 Data Cleaning

Examining the data �les (2021MCMProblemC_DataSet.xlsx, 2021MCMProblemC_Images_by_Global
ID.xlsx, 2021MCM_ProblemC_Files.rar), we �nd the dataset contains all numerical, textual, and visual
data. We merged the two excel tables based on the global ID; then, we drop the outliers and exception
values, including 138 public reports before 2019 September since we are only concerned about the
situation after the �rst positive incidents. We also drop the submitted images with data type other than
"*.jpg", since they are di�cult to process as pictures and their amount is insigni�cant. Some reports
have up to 11 images, while some has none. We keep both kinds of reports and handle them di�erently
in Section 5.

3.2 Textual Data

To gain statistical insights into the textual data, we proceed by �rst preprocessing it. We extract the
"Notes" and "Lab Comments" columns from the data frame, and drop rows with null values due to a



Team #2109298 Page 5 of 25

lack of methods to interpolate strings. Next, We use the pythonnltk package to tokenize all sentences
into lowercase words. Spaces, punctuations, and stopwords are removed. We also lemmatize each
word to restore it back to its original forms.

Since there are numerous notes and lab comments that are grammatically and semantically com-
plicated, we want to extract the main topics from the notes and comments to identify whether the
information are valuable to our main model. To do this, we apply theLatent Dirichlet Allocation

(a) LDA model for notes from public reports (b) LDA model for lab comments

(c) word-cloud of notes from public reports (d) word-cloud of lab comments

Figure 2: Results of the LDA topic model

(LDA) model [3], capable of extracting topics and keywords from texts. Usinggensim, a standard
NLP package in python, we obtain the results from the LDA model and visualize them withpyLDAvis
package, which are shown in Figure 2a and 2b. In those �gures, each circle represents a topic, and it
is clearly shown that those topics have few intersections, so they are mostly unrelated. To get a more
intuitive understanding, we plot the word-cloud for the two sets of texts in Figure 2c and 2d.

Most frequent words from public reports include "found", "hornet", and "bee", which fail to identify
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a set of unique characteristics of AGH. Other less frequent words are also generic and vague. There is
even one note that reads "scared the hell out of me". As for the lab comments, although some speci�c
species of bees di�erent from AGH have been pinpointed, like "golden digger", "horntail saw�y", and
"cicada killer", this information is useless for image identi�cation in Section 5.2 since we are mainly
interested in a binary classi�cation between AGH and non-AGH. Considering all the analysis above,
we conclude that the textual part of the dataset will not play a big role in our model.

3.3 Geographical Data

In order to achieve optimal data visualization e�ect, we have researched some background geographical
information on the regions involved. All data presentation on maps are plotted using the built-in
functions inTableau, a data visualization software which helps us correspond the longitude-latitude
coordinates to the locations on the map.

4 Spread of AGH based on Cellular Automata

4.1 De�ning the Cellular Automata Model

4.1.1 Introduction and Motivation of CA

In order to predict the spread of AGH in Washington State, we utilize cellular automata(CA), a widely
used dynamic model capable of modeling biological spread and evolution of complex systems. It
contains discrete grids called cells. Each cell records biological and sociological features as well as the
magnitude of AGH populations in the region it occupies. In addition, cells will be updated according
to a set of pre-de�ned rules.

CA is chosen for this task because of the following reasons:

ˆ With only a few initial values (as we have restricted to one starting location of the AGH invasion),
CA can simulate the spread after many time steps.

ˆ The future spread of AGH depends solely on the evolution in the past, while the update of each
state depends only on the current state � a desirable Markov property.

ˆ The self-de�ned rules admit �exibility: they allow us to use biological information to simulate
the interaction of AGH with its surrounding environments at di�erent time step (speci�cally,
winter and summer).

4.1.2 Cells Setup

In our CA, each cell is represented by a square geographical region. To avoid boundary cases, we look
for the maximum and minimum latitude and longitude of the given reports and extend this range by 20%
as the boundary condition, between (45•09°N, 49•95°N) and (� 124•65°W, � 116•87°W). Theoretically,
the more cells, the more precise our model will be. With the maximum computational cost in mind,
we set the size of each cell to be 12 km * 12 km, with 45 * 65 = 2925 cells in total.
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Figure 3: The geographical region selected

At each time step, each cell records a single value � the expected number of AGH inside the region
� which will later be propagated through the automaton based on a set of rules. The distribution of
values across all cells forms our estimation of the distribution of AGH colonies throughout Washington
State.

To accurately simulate AGH behaviours and predict their spread, regional biological characteristics
are also vital in our model. Habitat suitability is a crucial driver of species migration, for each
individual tends to settle down and reproduce in more habitable environments. To capture this feature,
we introduce theAGH Habitat Suitability Index Matrix , ( , to all regions, which ensembles human
footprint and geographic barriers:

( = � ;>6¹%º ¸ �– (1)

where%is the human population distribution matrix and� is a matrix depicting geographic barriers.
The � ;>6¹%º term captures the idea that human activities reduce suitability of habitats for animals.
Matrix � seek to locate areas that are neither suitable for human nor for AGH. If a region is inhabitable,
the corresponding entry in B has value 0; if a region is not inhabitable (e.g., ocean), the entry in B has
value�1 .

Besides human footprint and geographical barriers, many other regional factors also in�uence
species distribution in general (e.g., climate, food resources). Yet, none of them can be drawn from
the data provided. Speci�cally, human population data is also not provided. Thus, we design a novel
model to estimate human population distribution%based on accessible statistics.

Analysing Human Population from submitted reports
Among the 4389 sightings provided, only 14 are identi�ed as positive; the remaining sightings are

either mistaken or unidenti�ed, many of which even lack meaningful descriptions and feedback. These
unveri�ed and negative sightings provide us with little information about the distribution of AGH. Yet,
they contain rich information about the distribution of human population.

Since only 0.3% sightings are positive, it is reasonable to assume the public do not possess
knowledge to di�erentiate AGH from other similar bees; their frequent negative reports of AGH
sightings more directly re�ect their anxiety of an AGH invasion rather than the actual presence of
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