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ABSTRACT

This article applied exploratory data analysis (EDA) and time se-
ries forecasting using extreme gradient boosting (XGBoost) to bird
apprehension data from the Brazilian Institute of Environment
and Renewable Natural Resources (IBAMA) covering 2010 to 2024,
the dataset processed included 150,000 records, filtered to focus
on significant patterns across two distinct periods: a COVID-19
pre-pandemic period (2010-2020) and a period that includes the
COVID-19 pandemic (2014-2024). This analysis identified shifts in
apprehension patterns with an overall decrease of 69.17% in bird
apprehensions during the pandemic. The XGBoost model demon-
strated satisfactory root mean squared error (RMSE) on most of
the species except on Zenaida auriculata and Zenaida auriculata
noronha where the RMSE values were 37.73 and 47.80, respectively,
for the (2010-2020) period, while for the (2014-2024) period, the
RMSE values were 42.93 and 48.76, which are higher values when
compared to other results. The most apprehended bird species pre-
pandemic was Sicalis flaveola with 163, 437 apprehensions, while
Zenaida auriculata and Zenaida auriculata noronha remained highly
apprehended throughout both periods. The northeast regions of
Brazil, with states like Rio Grande do Norte, Ceara and Paraiba,
showed the highest apprehension rates. Overall, the model achieved
satisfactory performance in understanding the pattern of apprehen-
sion numbers in the tested periods, with significantly low RMSE
values for the ten most apprehended species.
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1 INTRODUCTION

Brazilian territorial extension occupies 47.3% of South America [1],
being home to approximately 57% of the bird species recorded in
South America, more than 10% of these species are endemic to
the country, which brings a great responsibility to the country
to preserve these species, highlighting the attention needed on
investment in conservation efforts [2].

Brazil serves as a key region for understanding the dynamics of
species transactions and smuggling [3], however, due to the fact
that it is a trafficking route for these animals, the Brazilian police
are able to make a high number of apprehensions that are recorded
by the Ministry of the Environment. These apprehension statistics
reveal possible impacts on their wild populations as well as on
the ecosystems in which they are part, being integral part of the
biological diversity.

Based on these records, it becomes possible to perform an ex-
ploratory analysis to better visualize and understand possible trends
and train forecasting models to help us understand patterns and
help the police and ministry make decisions about possible invest-
ments to be made in this important preservation task.

To carry out this work, Exploratory Data Analysis (EDA) was
first applied to explore and understand the patterns, trends, and
locations with higher incidence of occurrences. EDA helped identify
the periods when these events occurred more frequently. After this
preliminary analysis, Extreme Gradient Boosting (XGBoost) was
used to model and make predictions based on the features identified
during the data exploration phase, this research offers a comparative
analysis between a COVID-19 pre-pandemic period (2010-2020) and
a period that includes the COVID-19 pandemic (2014-2024).

Thus, the objective of this work is to forecast the ten most appre-
hended birds in the last decade in Brazilian territory, the locations
and their possible temporal characteristics, by using data recorded
since February 22, 1989, the date of creation of the Brazilian Institute
of Environment and Renewable Natural Resources' (IBAMA).

The article is organized as follows: Section 2 describes the related
works; Section 3 shows the proposed method; Section 4 describes
the experimental results and discusses the results; Finally, the con-
clusions are described in Section 5.

2 RELATED WORKS

The use of XGBoost for time series forecasting is well-documented
across various fields [4-7], such as in the financial market [8, 9],
predicting cases of COVID-19 [10, 11] and in predicting type 1 and
2 diabetes [12, 13]. These articles obtained results explored in the
context of this work, and they were incorporated as the basis for
this study.

An environmental related study using the Extreme Gradient
Boosting has explored predicting the primary lifestyle of birds
based on morphological traits. Although forecasting was not ap-
plied, XGBoost was successfully applied to achieve results with
the AVONET dataset [14]. These papers, linked to the fact that
tree algorithms still achieve good results even when compared to
deep models [15], give us the perception that this algorithm is quite
suitable for trying to solve the problem at hand.

Alencar and Fonseca [16] presented a study on the ornithofauna
apprehended between 2013 and 2022. Their work, published in
Revista Agrogeoambiental, utilized the same database but covered a
different time period. While Alencar and Fonseca aimed to evaluate
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the illegal trade of wild birds in Brazil by analyzing, identifying, and
quantifying birds apprehended by IBAMA and Federal Highway
Police (PRF?) in Brazilian territory.

3 PROPOSED METHOD

IBAMA, as an autarchy linked to the Brazilian Ministry of the
Environment and Climate Change?, is responsible for implementing
national environmental policies and developing preservation and
conservation actions, exercising control and inspection of natural
resources. It is, therefore, responsible for managing data on animal
apprehension made by the Brazilian federal police.

Therefore, when species are apprehended, the data is recorded
and made publicly available by IBAMA®, based on these records,
an exploratory analysis becomes possible to better visualize and
understand possible patterns, making it easier to understand how
the forecasting model might perform [17].

Given its tabular nature and timeline structure, as seen in the
related works, this data refinement process, through EDA, made
it possible to carry out a time series forecasting algorithm. When
compared to other gradient boosting implementations, the XG-
Boost algorithm is faster and excels in handling tabular datasets
in regression predictive modeling problems, while also supporting
continued training [18].

These methods combined resulted in accurate predictions with
minimal training time, as the time period presented in this article
includes a pandemic period and this period caused large distortions
in the numbers, the chosen time frame was divided in two segments
to allow for a broad analysis. One starting at the last data and
ten years backwards (2014-2024) and another starting before the
pandemic and ten years backwards (2010-2020).

3.1 Database

The initial dataset® was obtained from IBAMA’s open data. It is a
comma-separated values file with 35 columns and 150.000 rows. As
this is a Brazilian dataset, column names and table data appear in
Portuguese. The first step was to separate the file into the analyzed
periods based on “DAT_TAD” column, which showed the date the
term was drawn up. The data was separated in two periods: 2014 to
2024, including the pandemic period, and 2010 to 2020, representing
a pre-pandemic period.

After separating the data based on the “SIT_CANCELADO” col-
umn, which indicates whether the formally issued term was can-
celed, the rows were removed where the term had been canceled
or were inconsistent, meaning they contained invalid values. As
the data table, even after filtering and corrections, still had sev-
eral missing values, an additional IBAMA’s dataset was used. The
“especime_apreendido” table contains the column “SEQ_TAD”, a
column that represents the key that identifies the term of inspection,
also present in the “termo_apreensao” table. Using these identifiers,
two spreadsheets were merged through the list of identifications.

2Policia Rodoviaria Federal

3Ministério do Meio ambiente e Mudanca Climatica
“https://dadosabertos.ibama.gov.br/dataset/fiscalizacao-termo-de-
apreensao/resource/3364a902-067a-469a-bd9a-b865d234eed9
Shttps://dadosabertos.ibama.gov.br/dataset/fiscalizacao-termo-de-
apreensao/resource/081627a0-d158-44a8-88b0-600929¢93526
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Two columns of scientific name (Nome Cientifico) and popular
name (Nome Popular) were used to identify the bird species. There
were gaps where IBAMA did not provide information. Since the rest
of the line was consistent, an association was made between the
two columns regarding names. Specifically, using the information
provided by a row with both fields filled in, a search was conducted
to fill in the scientific name for all rows with the same popular
name.

The group column (GRUPO) was extremely important for fil-
tering only bird-related data, where the rows labeled as “Bird”
(Ave) were used to fill in any gaps. The lines corresponding to
the group ‘bird’ were selected, and the lines where the description
(DESCRICAO_PRODUTO) was ‘parts’ (Partes) were removed to en-
sure more accurate data by excluding bird parts to be taken into
account during the experiments, there was no detailed information
regarding these parts, such as which body pieces they represented
or whether they came from a single specimen or multiple ones.

The quantity was standardized by retaining lines where it was
indicated an unit in column “DES_UNIDADE_MEDIDA”, while
disregarding cubic meters or kilograms. This resulted in the creation
of a new comma-separated values file containing precise quantities
and key information as illustrated in the flowchart in Figure 1.
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Figure 1: Dataset preparation flowchart

3.2 Extreme Gradient Boosting (XGBoost)

XGBoost is an ensemble model that leverage on weak models, such
as decision trees, which are good generalizers so that the combined
actions of these regressors constitute a good final model [19]. Based
on the work of Friedman [20], the ensemble of trees are iteratively
adjusted to minimize an objective function. This objective function
incorporates regularization terms that control the model’s complex-
ity, promoting simpler and more robust solutions.
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The XGBoost framework, created by Chen and Guestrin [21] and
provided by the Distributed (Deep) Machine Learning Community
(DMLC) team®, was adopted using a learning rate of 0.01 and 1000
estimators, along with 50 rounds for early stopping, preventing
overfitting while ensuring sufficient model training, all other hyper
parameter values were kept as the default settings, the parameters
of the XGBoost were adjusted in order to perform a regression task
on tabular data for each species.

The model continues to be a state-of-the-art approach, Luo et al.
[22] integrating Convolutional Neural Network-Bidirectional Long
Short-Term Neural Network-Attention Mechanism (CNN-BiLSTM-
Attention) with XGBoost, stacking the models to forecast short-term
load data. Kazemi et al. [23] proposed a novel hybrid methodology
integrating XGBoost with Harris Hawk optimization and dragonfly
algorithm to enhance penetration rate prediction in rotary drilling.
Novel approaches do not necessarily need to directly modify the
model; instead, they suggest implementations alongside other tech-
niques to enhance performance in specific problems if needed.

XGBoost efficiently handle high-dimensional and large-volume
datasets, which are often encountered in practical machine learning
challenges. Its flexibility in parameter tuning allows the model to
be adapted to different types of tasks, including regression and clas-
sification. Experiments reported in the study by Chen and Guestrin
[21] demonstrated that the system achieves state-of-the-art results
on standard benchmarks, solidifying its position as a reference tool
in the field.

3.3 Metrics

The model evaluation was based on the Root Mean Square Error
(RMSE), a simple and common metric used to measure the distance
of the predicted and real values [24],

1| )
RMSE = — Z(yi - 1i)?
i=1

where y; is the sample observed value and §; the predicted value
by the model for sample i. When evaluating the model using
(yi — 90)°

the exponentiation amplifies larger errors since an error of greater
magnitude will have a quadratic impact on the total sum, while
smaller errors will have a relatively minor impact. As there are
many spikes in the data that need to be considered in the analysis,
RMSE was utilized to penalize large errors, making the evaluation
of the model more sensitive to extreme variations.

A high value for RMSE indicates a significant discrepancy or
error between the observed values and the predicted values, there-
fore, a substantial difference between the two sequences or datasets
being analyzed. A low value suggests that the difference is small,
indicating good accuracy or a closer match between the sequences,
while a value of zero, in turn, represents a perfect match with no
discrepancy between the two sequences.

4 EXPERIMENTAL RESULTS AND DISCUSSION

It should be noted that the objective of the work is to analyze it
over ten years, however, starting from 2024 and going back ten

Shttps://xgboost.readthedocs.io
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years, the period incorporates the pandemic, which would cause
drastic changes in the final period of the dataset. In other words,
the intention was to do this analysis 2024 and ten years ago, but it
would result in a portion of data that models or EDA would have a
lot of trouble analyzing.

Then, another “clean” dataset was created with pre-pandemic
data, therefore, the initial dataset was divided into two distinct
ten-year periods: a pre-pandemic period (2010-2020) and a period
that includes the pandemic (2014-2024).

This separation was made due to differences observed during the
EDA process in the processed dataset from 2014 to 2024, as can be
seen a significant difference on the apprehension values in the data,
where the mean was X = 13793.00 and the median X = 12927.00
in the pre-pandemic years (2014 - 2020), and ¥ = 12927.00 and
X = 3282.50 in the period after the start of the pandemic (2020 -
2024), highlighting the problem os containing a pandemic portion.

Given this unexpected event, the model’s performance was ana-
lyzed across these two time periods. Therefore, both the analysis
carried out only within the period and the analysis excluding the
period would be deficient, as the pre-pandemic numbers no longer
represent the reality of apprehensions, just as the pandemic period
no longer represents the global situation at the moment.

The numbers suggest a substantial decrease in the number of
apprehensions after the start of the pandemic, which could be
attributed to several factors such as changes in behavior, restrictions,
fewer outliers or changes in law enforcement priorities during
the pandemic period. The two periods distributions can be seen
in Figure 2.

In the two new final processed datasets, it was possible to iden-
tify the number of apprehensions per species and their respective
locations through the columns longitude and latitude of terms,
showing that most apprehensions were carried out in the north-
ern part of Brazil. The number of most apprehended birds in the
different periods analyzed are listed in Tables 1 and 2.

Table 1: Most apprehended birds in the COVID-19 pre-
pandemic period (2010 - 2020)

Scientific name Quantity
Sicalis flaveola 163,437
Oryzoborus maximiliani 48,397
Zenaida auriculata 31,400
Zenaida auriculata noronha | 27,394
Oryzoborus angolensis 24,754
Gallus domesticus 23,286
Sporophila caerulescens 10,085
Paroaria dominicana 9,724
Saltator similis 9,221
Sporophila albogularis 6,903

The total quantity of birds apprehended among the ten most in-
cidents fell from 354, 601 to 109, 314, this represents =~ 69.17% fewer
apprehensions. Species like Oryzoborus maximiliani and Gallus do-
mesticus no longer appear among the most apprehended, while
Sporophila nigricollis and Sporophila lineola were among the most
recorded.
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Figure 2: Number of species apprehended from 2014 to 2024 in the processed dataset

Table 2: Most apprehended birds including the COVID-19
pandemic period (2014 - 2024)

Scientific name Quantity
Zenaida auriculata 27,729
Zenaida auriculata noronha | 25,730
Sicalis flaveola 20,745
Paroaria dominicana 7,333
Saltator similis 6,316
Sporophila caerulescens 6,279
Sporophila nigricollis 4,947
Oryzoborus angolensis 3,883
Sporophila albogularis 3,620
Sporophila lineola 2,732

However, during the COVID-19 pandemic, apprehensions of
Zenaida auriculata’s remained at levels similar to the pre-pandemic
ones, while other passeriformes species showed significant declines
in apprehension numbers. As observed in the previously mentioned
work by Alencar and Fonseca [16], this species is the only columbi-
forme species on the list, reaffirming the point that this species is
intended for consumption in Brazil’s northeastern region.

Table 3: Number of apprehensions in the five states with the
most apprehensions in the COVID-19 pre-pandemic period
(2010 - 2020)

State | Total Most apprehended Quantity | Percentage
apprehended | species of State Total

RN 197,209 Sicalis flaveola 134,174 68.04%

RS 46,794 Oryzoborus maximiliani | 46,041 98.39%

CE 24,718 Zenaida auriculata 8,423 34.08%

PB 15,904 Zenaida auriculata 4,419 27.79%

PA 15,094 Oryzoborus angolensis 12,831 85.01%

By individually analyzing the states and most apprehended
species in each of them, it is observed that Rio Grande do Norte
(RN), Ceara (CE) and Paraiba (PB) remain among the five states
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with the highest number of apprehensions. However, while Rio
Grande do Sul (RS) and Para (PA) were among the states with the
most apprehensions before the pandemic, this ranking is now oc-
cupied by Bahia and Pernambuco during the pandemic period. The
number of apprehensions in the five states with the most apprehen-
sions, considering and not considering the COVID-19 pandemic
period, can be seen in Tables 3 and 4, where the column "Percentage
of State Total" indicates the percentage contribution of the most
apprehended species to the total apprehensions in each state.

Table 4: Number of apprehensions in the five states with the
most apprehensions in the period that includes the COVID-
19 pandemic (2014 - 2024)

State | Total Most apprehended | Quantity | Percentage
apprehended | species of State Total
RN 43,772 Zenaida auriculata 21,888 50.00%
noronha
CE 13,521 Zenaida auriculata 4,147 30.68%
PB 9,486 Zenaida auriculata 4,272 45.01%
BA 8,001 Sicalis flaveola 4,488 56.09%
PE 5,985 Sicalis flaveola 2,041 34.10%

A preprocessing step was carried out by applying the Inter Quar-
tile Range (IQR) method due to its simplicity and effectiveness to
remove outliers [25]. When applying XGBoost, each species were
selected individually from the dataset, and separated 2/3 for train-
ing and 1/3 for testing using a block-wise split, which partitions
data into sequential, non-randomized subsets to maintain chrono-
logical integrity and prevent overestimation of model performance.
The features used include time, day of the week, quarter, month,
year and day of the year.

Hyperparameters were arranged as follows: the base score was
set to 0.5, the booster type was specified as ‘gbtree’, the number of
estimators was set to 1000, the early stopping rounds were adjusted
to 50, the objective function was defined as ‘reg:squarederror’, the
maximum depth was set to 3, and the learning rate was configured
to 0.01. The model was evaluated using Root Mean Square Error
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(RMSE) where the highest values were from Zenaida auriculata
noronha and Zenaida auriculata, as show in Table 5.

Table 5: RMSE values for different species over two periods

Species 2010 to 2020 data’s RMSE | 2014 to 2024 data’s RMSE
Gallus domesticus 7.01 =
Oryzoborus angolensis 1.33 1.21
Oryzoborus maximiliani 1.41 —
Paroaria dominicana 1.30 1.15
Saltator similis 1.52 1.82
Sicalis flaveola 2.85 2.08
Sporophila albogularis 1.22 0.68
Sporophila caerulescens 1.37 1.34
Sporophila lineola - 0.75
Sporophila nigricollis — 1.38
Zenaida auriculata noronha | 47.80 48.76
Zenaida auriculata 37.73 42.93

Elements with no value (symbolized with —) in the Table 5 refer
to species that were not among the ten most apprehended during
the period. The fact that they are not on the list of the ten may
result in there not being enough records or patterns to be detected
by the model, and this is the reason why the analyses were not
performed with all species but only on the ten most relevant during
the period.

The presented values indicate the accuracy of XGBoost for dif-
ferent species in different periods, being measured by the RMSE, a
accuracy assessment metric that measures the difference between
the values predicted by the model and the actual observed values.
No data normalization was applied to maintain the integrity of the
values, as the model works well with regressions, this factor is not
particularly significant, it should only be taken into account when
analyzing the results.

The analysis is not significantly impacted by any normalization
because the classes with the highest values are highly discrepant
from the rest, which is not the case with the number of occurrences,
therefore, even though Zenaida auriculata and Zenaida auriculata
noronha resulted in high RMSE values, this suggests that the model
had difficulty accurately predicting apprehensions of these species.
While Sporophila albogularis had the lowest observed values, indi-
cating more accurate predictions over the analyzed time.

Zenaida auriculata noronha which is most often captured for con-
sumption in northeastern Brazil, maintained similar values across
both analyzed periods, having the worst performances in the RMSE.
This happens because when captured they were dead to serve as
food, that is, in greater quantities creating spikes in the data making
it more difficult to the model to have a good performance. This
species might have such a distinct characteristic that it may require
a separate study, or a specific model adjustment to be able to handle.

Sicalis flaveola is another species worth mentioning, as it had
a greater number of occurrences pre-pandemic, and still obtained
a low RMSE value. Without normalization, this indicate that the
model managed to capture the pattern of this species well.

5 CONCLUSION

Experimental results showed that although the pandemic period
was associated with a decrease in apprehensions among the most
frequently apprehended birds, the RMSE remained very close to the
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results of the previous period indicating consistent performance
on both time intervals.

Species such as Oryzoborus maximiliani and Gallus domesticus,
which were not among the most apprehended in the pre-pandemic
period, did not appear in the most recent data. However, Sporophila
nigricollis and Sporophila lineola appeared among the most recorded
species, this could reflect shifts in illegal bird trade dynamics, po-
tentially requiring targeted interventions.

The analysis by states revealed that Rio Grande do Norte, Ceara
and Paraiba remained among the states with the highest number of
apprehensions, Rio Grande do Sul and Para were replaced by Bahia
and Pernambuco during the pandemic period.

Despite the challenges posed by spikes in certain species and
regional variations, the satisfactory RMSE values demonstrate the
feasibility of using IBAMA’s open data for predictive modeling,
an approach that had not previously been explored with forecast-
ing techniques. The species Zenaida auriculata noronha presented
particular challenges and exhibited poor RMSE performance. The
main hypothesis for this is that most of the captures involve dead
species intended for consumption in northeastern Brazil, which
creates several data spikes, making it difficult for the model to per-
form accurately. This suggests that Zenaida auriculata noronha may
require a separate study to better capture its unique pattern.

These insights can be instrumental for IBAMA in identifying
emerging trends in wildlife trafficking, prioritizing high-risk re-
gions, and focusing conservation efforts on species under increasing
pressure.

Alternatives for future works include implementing and evalu-
ating other forecasting models, as well as applying spatiotemporal
clustering algorithms. The results could also be used to guide the
creation of an image dataset featuring the most apprehended birds,
making it possible to train classification models. Such models could
automate the identification of species in field inspections, helping
IBAMA collect more accurate data, which could be used later to
combat wildlife trafficking more effectively.
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