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Resumo

Armadilhas fotográficas são uma ferramenta não invasiva e de baixo custo para o mo-
nitoramento da fauna e a pesquisa ecológica. No entanto, elas produzem um grande
volume de dados, cujo processamento manual é caro e demorado. Nos últimos anos, o
aprendizado profundo tem possibilitado a extração automatizada de informações desses
sensores, acelerando o processamento de dados e o monitoramento da biodiversidade em
larga escala. Apesar disso, diversos desafios continuam sendo insuficientemente aborda-
dos, incluindo o extremo desbalanceamento entre classes, a disponibilidade limitada de
dados rotulados, os recursos computacionais restritos e a dificuldade de contar indiví-
duos em sequências de imagens. Consequentemente, o objetivo principal deste trabalho
é investigar como as restrições inerentes aos dados de armadilhas fotográficas podem
impulsionar novos métodos de visão computacional em condições reais, com foco em
três tarefas principais: filtragem de imagens vazias, classificação de espécies em cenários
de cauda longa e contagem de animais em sequências de imagens. Para a filtragem de
imagens vazias, analisamos a relação de compromisso entre modelos de classificação e
de detecção sob restrições de implantação em dispositivos embarcados, mostrando que
abordagens de classificação oferecem uma alternativa prática de baixa latência quando
os recursos computacionais e as anotações de detecção são limitados. Para lidar com o
desbalanceamento extremo na tarefa de reconhecimento de espécies, na qual espécies
raras e ecologicamente importantes são frequentemente negligenciadas, é proposto o
framework Square-Root Sampling Branch (SSB), que combina cabeças de classificação
treinadas sob diferentes distribuições de amostragem para melhorar o desempenho nas
classes da cauda, enquanto minimiza a degradação da acurácia nas classes majoritárias.
Também foi realizada uma avaliação sistemática de estratégias para tratar o problema
de cauda longa em quatro bases de dados de armadilhas fotográficas e quatro famílias
de arquiteturas de visão computacional. Para a contagem de animais, motivados pelos
grandes deslocamentos dos objetos e pela escassez de anotações de rastreamento para
sequências de imagens de armadilhas fotográficas obtidas com baixa taxa de frames,
introduz-se o PuTR-CouT, um framework de contagem por rastreamento baseado em
Transformers, treinado em dados fracamente supervisionados gerados via conhecimento
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prévio de armadilhas fotográficas e que permite contagem de múltiplas espécies. O
método proposto atinge uma pontuação de 0,0248642 no benchmark iWildCam 2021,
superando métodos tradicionais de rastreamento de múltiplos objetos e apresentando
uma melhoria de aproximadamente 15,2% em relação à solução vencedora do desafio.
Em suma, as contribuições desta tese incluem análises comparativas e novos métodos
para filtragem eficiente de imagens vazias, classificação de espécies em cauda longa e
contagem de animais por rastreamento, mostrando como as restrições inerentes aos
dados de armadilhas fotográficas podem guiar inovações metodológicas em visão com-
putacional para o monitoramento da vida selvagem.

Palavras-chave: análise de imagens de armadilhas fotográficas, monitoramento da
vida selvagem, aprendizado profundo, aprendizado de cauda longa, rastreamento de
múltiplos objetos
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Abstract

Camera traps are a non-invasive and cost-effective tool for wildlife monitoring and eco-
logical research. However, they produce large volumes of image data for which manual
processing is expensive and time-consuming. In recent years, deep learning has enabled
the automated extraction of ecological information from camera-trap images, acceler-
ating data processing and supporting large-scale biodiversity monitoring. Nevertheless,
several challenges remain insufficiently addressed, including extreme class imbalance,
limited labeled datasets, constrained computational resources, and the difficulty of
counting individuals across image sequences. Accordingly, the main objective of this
work is to investigate how the inherent constraints of camera-trap data can drive the
development of novel computer vision methods under real-world conditions, focusing on
three main tasks: empty-frame filtering, long-tailed species classification, and animal
counting across image sequences. For empty-frame filtering, we analyze the trade-off
between classification and detection models under edge-deployment constraints, show-
ing that classification approaches can provide a practical low-latency alternative when
computational resources and detection annotations are limited. To address the ex-
treme imbalance in species recognition, where rare yet ecologically important species
are often neglected, we propose the Square-Root Sampling Branch (SSB), a framework
that combines classification heads trained under different sampling distributions to im-
prove tail-class performance while minimizing the degradation of head-class accuracy.
We further provide a systematic evaluation of long-tail learning strategies across four
camera-trap datasets and four model architectures. For animal counting, motivated by
the large object displacements and scarcity of tracking annotations in low-frame-rate
camera-trap sequences, we introduce PuTR-CouT, a transformer-based counting-by-
tracking framework trained using a weakly labeled dataset generated from camera-trap
priors that enables multi-species counting. The proposed method achieves a score of
0.0248642 on the iWildCam 2021 benchmark, outperforming the evaluated traditional
multi-object trackers and improving by approximately 15.2% over the winning solution
of the iWildCam 2021 challenge. Overall, the thesis contributes comparative analy-
ses and new methods for efficient empty-frame filtering, long-tailed classification, and

xi



counting-by-tracking, showing how constraints inherent to camera-trap data can guide
methodological innovation in computer vision for wildlife monitoring.

Keywords: Camera Trap Image Analysis, Wildlife Monitoring, Deep Learning, Long-
Tailed Learning, Multi-Object Tracking
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1

Introduction

In this Chapter, we present the context, challenges, and motivation for this research.
We also outline the research hypotheses, objectives, and structure of the document.

1.1 Context and motivation

Wildlife monitoring is an essential data source used by ecologists and biologists to
analyze and answer diverse scientific research questions about wildlife ecology. For ex-
ample, it helps in understanding the complex dynamics of wildlife systems, assessing the
impact of human actions and climate change on ecosystems, and establishing effective
species conservation strategies [3, 60, 155]. This monitoring can be conducted using a
variety of sensors [155], which allow the collection of data on animal populations from
different perspectives, such as remote sensing (e.g., images obtained through satellites
or drones, GPS sensors implanted on animals), static sensors (e.g., camera traps and
bioacoustic sensors), or even through citizen science platforms, where ordinary people
can report their wildlife encounters, like iNaturalist [64] and eButterfly [113].

Among these types of sensors, camera traps are a well-established, non-invasive,
and cost-effective method that has been used for decades to collect data on animals
in their daily lives. The collected data can support ecological studies on the terres-
trial vertebrate community, including species occupancy, diversity, abundance, density,
community structure, and animal behavior [3, 11]. These cameras are usually activated
by motion sensors or at programmed time intervals to record short sequences of im-
ages or videos [60]. They are able to produce a large number of pictures; for instance,
the Snapshot Serengeti project captured 3.2 million images between June 2010 and
May 2013 over six seasons [143], with this number growing to 7.1 million images over
eleven seasons in recent years [89]. However, processing this amount of data to extract

1
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information is expensive and time-consuming if done manually by experts or citizen
scientists. Using the Snapshot Serengeti project as an example again, its volunteers
donated more than 17,000 hours of effort to manually label the 3.2 million images in the
original dataset [107]. Nevertheless, recruiting such a large community of volunteers
may be unfeasible for small-scale projects or studies focused on less charismatic fauna.

In the last decade, deep learning has become the dominant approach in im-
age analysis and has been investigated for automatically processing and extracting
information from camera-trap data in various tasks, such as filtering empty images
[4, 5, 107, 161, 167, 173, 178, 179, 180], classifying animal species [14, 83, 105, 107,
130, 149, 163, 173, 190], counting individuals [8, 106, 107, 127, 136, 166], and identi-
fying behavior [107, 128]. Meanwhile, several platforms have been developed to assist
researchers in extracting information and speeding up this process using deep-learning
models [162]. Some of these platforms allow a wider audience of camera-trap users to
train their own models with user-friendly interfaces. For example, MegaDetector [13]
is a generalist model trained to localize animals, people, and vehicles, helping users to
identify animals but not classifying them at the species level, and is effective in filter-
ing empty images. While MegaDetector is based on the language Python, the Machine
Learning for Wildlife Image Classification (MLWIC2) package was developed in R to
facilitate the use of deep-learning models by biologists, since they are usually more
familiar with this language [148]. MLWIC2 provides trained models for animal species
classification and for filtering empty images, and also allows users to train new models.
Other platforms have also developed graphical user interfaces, such as Wildlife Insights
[2], Conservation AI [26], IFLA [176], and Animal Scanner [184], to aid researchers in
extracting information.

These efforts in developing AI-assisted tools have significantly accelerated camera-
trap data processing and labeling workflows, enabling their practical use at scale [16, 18,
19, 24, 28, 30, 44, 48, 98, 119]. Some studies have reported that species labels generated
by computer vision models for calculating ecological metrics – such as species richness,
occupancy, and activity patterns – can approximate those produced from expert-labeled
data [109, 169]. However, many challenges, such as extreme class imbalance and domain
generalization, are not yet well addressed [10]. Moreover, a considerable portion of this
data is still processed and analyzed manually, which limits the scalability of biodiversity
monitoring due to the impractical amount of human labor required [16].
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1.2 Challenges in automated analysis of

camera-trap data

Extracting information from camera-trap images presents numerous challenges that
make this process difficult even for specialists, such as animals being too far from the
camera, camouflage, animals in complex poses, and poor illumination, among other
issues, as shown in the literature [14, 52, 107, 163]. Due to such conditions, capturing
more than one image per sensor activation can increase the chance of correctly iden-
tifying the photographed animal, as its pose can be crucial for viewing distinguishing
characteristics of a species [14].

Another challenge is the extreme imbalance among categories, where some species
have many images while others have just a few, following a long-tail distribution [59].
As reinforced by Schneider et al. [130], models generally achieve poor recall scores for
species with fewer training images, although these rare species are often the ones of
greatest interest to ecologists.

The capacity for domain generalization of the models is also a relevant issue since
camera traps are static, causing the models to become biased toward the backgrounds
of the sites used during training [14, 105, 130, 149].

Furthermore, most camera-trap practitioners typically have access only to limited
computational resources, making it impractical to run large models [130]. This high-
lights the importance of designing computationally efficient algorithms, which can also
be useful for the development of sensors capable of processing data directly on-device.
This could bring many advantages; for instance, in projects where the equipment is
connected to a network, prior filtering avoids the unnecessary transmission of empty
images, saving network bandwidth and energy [42]. However, few studies address the
trade-off between model performance and computational resource utilization directly
on devices with limited computational power [156, 193]. There is also a growing con-
cern about the environmental impact of utilizing larger models that demand substantial
power consumption [119].

Camera-trap data also presents many other challenges, such as noisy labels, non-
independent occurrences, and limited-size datasets [107, 130]. These challenges provide
a unique opportunity to develop innovative solutions.
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1.3 Computer vision tasks in automated analysis of

camera-trap data

Before ecologists can use the camera-trap data in their ecological models, the raw data
must be processed to extract the required information, such as identifying which species
are present, counting the individuals of each species in a capture event, and identifying
the presence of males, females, or young animals, as well as their activities (e.g., eating,
resting, fighting, etc.) [107]. The specific inputs required vary depending on the study
or project. Such processing steps can be framed as computer vision tasks and serve as
a research catalyst, allowing for the development of new methods.

A well-studied task is species identification as a visual classification task, and this
is usually done by considering each picture as an independent sample. Even though
classification has been a widely studied problem in computer vision, camera-trap data
presents multiple challenges to this task, such as extreme class imbalance [130], few-
shot classification [5], and fine-grained classification [157], all occurring within the same
dataset. Additionally, when it is not possible to identify an animal at the species level,
it is still valuable to ecologists to classify it at higher taxonomic ranks [129]. This
hierarchical classification adds complexity to the problem. Other tasks can also be
mapped as classification tasks, such as age estimation, sex identification, and activity
recognition [107].

As most projects capture more than one picture per capture event in hopes of
getting a good shot to identify the photographed animal, one task should be to identify
the species based on multiple images [14]. Usually, each picture is considered an inde-
pendent sample during both training and inference. Using the sequence of images can
be helpful to improve species classification, as identifiable marks may only be visible
in certain pictures within the sequence. The task, therefore, is to identify the species
of the animal based on all images from the capture event, rather than using a single
picture.

Since the majority of camera-trap images are empty frames due to accidental
sensor activation, one relevant task that can be automated is filtering out those empty
frames. MegaDetector has played an efficient role in solving this task [48]; however,
this step has typically been performed after data collection. It may be beneficial to
execute certain tasks directly on the edge device, which requires developing efficient
models to run on limited computational power devices. This can help reduce the
amount of data transmitted over a limited-bandwidth network and decrease the need for
storage, thereby increasing the time required to retrieve data from the camera. Detector
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models have already proven effective in locating animals [13, 48], as demonstrated by
MegaDetector, but they require higher computational power. More computationally
efficient alternatives, such as binary classifiers and background filtering with Siamese
networks [4], can also be explored.

An even more challenging task is counting the number of individuals of each
species in a given sequence of images. This task requires re-identifying individuals
appearing in one image across the sequence. This can be achieved using methods
that localize the animals in images, using the spatiotemporal coherence, by a tracking
method, or by a re-identification method [11, 127].

Many other tasks can be cited, such as re-identifying individuals in species with
distinct markings [21, 37, 70, 132], such as zebras and jaguars, pose estimation [141],
and tracking animals for estimating their trajectories to infer direction, speed, or mi-
gration patterns [121].

1.4 Research Hypotheses

The automated analysis of camera-trap data presents a variety of challenges that not
only make the problem complex but also create opportunities for developing new learn-
ing strategies tailored to real-world constraints. This work adopts an application-driven
perspective, treating these constraints as catalysts for methodological innovation rather
than mere obstacles to be overcome.

Traditionally, machine learning research has followed a methods-driven paradigm,
in which models are developed in isolation from specific domain characteristics and
subsequently evaluated on standardized benchmark tasks. However, when applied to
real-world applications, these methods often fall short in many use cases [120].

In contrast, an application-driven paradigm emphasizes the role of real-world
problems as the primary drivers of research directions. From this perspective, the
inherent characteristics of camera-trap data are not only challenges to be addressed,
but also valuable sources of insight that motivate the design of new strategies. As
argued by Rolnick et al. [120], such application-driven settings can lead to innovations
that extend beyond their original domain, contributing to the development of more
robust, efficient, and generalizable machine learning methodologies. Consequently, this
research treats camera-trap data not simply as an application domain for downstream
tasks, but as a primary source of research questions that drive innovation.

This thesis adopts an application-driven perspective in which the constraints
inherent to camera-trap data are used to identify research questions and motivate
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methodological choices. This perspective is examined through three concrete and in-
dependently testable hypotheses concerning empty-frame filtering, long-tailed classifi-
cation, and counting in low-frame-rate image sequences, as described in the following
paragraphs.

As stated in the previous section, filtering empty images directly on-device can
offer several advantages, such as reducing storage requirements and minimizing the
amount of data transmitted over limited-bandwidth networks. Although detection
models can achieve superior performance due to their inherent capabilities, their de-
ployment on edge devices may be constrained by limited computational resources.
Additionally, bounding-box annotations are often more costly to obtain, particularly
for small-scale projects, whereas image-level classification labels are generally more
feasible to acquire at scale.

Therefore, we investigate whether the trade-off between annotation cost, filtering
performance, and inference latency can make classification models a practical alterna-
tive to detection models in resource-constrained settings. Based on this premise, we
hypothesize:

Hypothesis 1: When the cost and availability of annotations are taken
into account, classification models trained with a larger set of image-level labels
can achieve empty-frame filtering performance comparable to detection models
trained with fewer bounding-box annotations, while requiring lower inference
latency on edge devices.

While species identification in camera-trap images is the most relevant and widely
studied task, several challenges remain, particularly the long-tail issue, in which tail
classes often exhibit low performance [130]. Although previous studies acknowledge this
problem, their approaches vary. Some apply imbalance-handling methods to improve
performance on tail classes, often at the cost of reduced performance on head classes [12,
18, 102, 107, 130]. Others simply ignore rare species by removing or grouping them [14,
149, 163, 173]. However, these rare species are, in many cases, of primary ecological
interest, highlighting the need for more effective strategies to handle extreme imbalance.
Given previous results, as well as the development of methods such as Balanced Group
Softmax [87], we hypothesize that:
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Hypothesis 2: Aggregating predictions from independent classification
heads trained under different data distributions, e.g. balancing and original global
distribution, improves performance on tail classes while maintaining comparable
performance on head classes compared to single-branch training strategies.

Finally, the task of counting individuals of each species across multiple images in
a sequence is particularly challenging, mainly due to the lack of labeled data in most
camera-trap datasets. Some efforts have been made to address this problem, notably
through the introduction of the iWildCam 2021 dataset and challenge [11]. The top so-
lutions and subsequent literature [136, 166] have largely relied on heuristic approaches
based on counting the maximum number of bounding boxes across a sequence. How-
ever, this strategy has key limitations, as it often assumes a single species per sequence
and is prone to over- and under-counting.

Tracking provides a natural alternative by associating detections of the same
individual across image sequences. Recently, tracking and individual re-identification
have been explored for wildlife monitoring using videos, such as in GorillaWatch [127].
However, camera traps typically capture burst sequences at low frame rates (e.g., one
frame per second). Due to large spatial displacements and significant visual variation
between consecutive frames in these low-frame-rate bursts, traditional trackers that
rely primarily on geometric and visual features tend to perform poorly. A promising
alternative is the use of trackers with learned association modules, such as PuTR [94].
Based on this, we hypothesize that:

Hypothesis 3: A tracking-based approach with learned association mecha-
nisms can accurately estimate the number of individuals in camera-trap image
sequences, achieving comparable performance to heuristic methods based on in-
dependent frame-level detections while also enabling multi-species estimation.

1.5 Objectives

The main objective of this work is to investigate how the inherent constraints of camera-
trap data can drive novel computer vision methods, treating challenges like long-tailed
distributions, small datasets, and limited hardware as catalysts for developing robust
and efficient wildlife monitoring solutions. To this end, we focus on three fundamental
tasks in camera-trap data analysis: empty-frame filtering, long-tailed species classifi-
cation, and counting individuals across image sequences.
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The specific objectives are as follows:

• Quantify and characterize the trade-off between filtering effectiveness, annotation
requirements, and inference latency for classification and detection models across
different training data regimes, under limited computational resources.

• Enhance classification performance for extreme long-tailed data distributions,
achieving a better trade-off between improving tail-class accuracy and maintain-
ing head-class performance.

• Propose and validate a tracking-based approach for multi-species counting in
image sequences that is robust to the large animal displacements caused by low-
frame-rate sampling.

The specific objectives above are addressed through the contributions summarized
in the following section.

1.6 Contributions

This thesis investigates how the inherent constraints of camera-trap data can drive
the development of robust and efficient computer vision methods. The main contri-
butions of this work address three challenges arising from camera-trap data: limited
computational resources, long-tailed species distributions, and low frame rates in image
sequences.

The main contributions are:

• A systematic and comparative analysis of detection and classification models for
filtering empty camera-trap images under computational and data constraints.
The study characterizes the trade-off between filtering performance, training data
availability, and inference latency, providing insights into the use of these models
on resource-constrained devices. The results are presented in Chapter 4.

• The proposal of the Square-Root Sampling Branch (SSB), a framework for long-
tailed species classification that combines predictions from independent classifi-
cation heads trained under different data distributions. The proposed approach
improves performance on tail classes while maintaining comparable performance
on head classes. The method and its evaluation are presented in Chapter 5.

• A systematic evaluation of long-tail learning strategies across multiple datasets
and architectures, providing empirical baselines and insights into the effectiveness
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of different approaches for long-tailed animal species classification. This analysis
is presented in Chapter 5.

• The development of PuTR-CouT, a transformer-based counting-by-tracking
framework for estimating the number of individuals of multiple species across
camera-trap image sequences. The approach uses learned association mecha-
nisms to address the large displacements caused by low frame rates and produces
track-level predictions that facilitate the verification of the estimated counts. The
proposed framework is presented in Chapter 6.

• A strategy for generating weakly labeled tracking datasets from camera-trap data
priors, enabling the training of tracking methods with learned association mech-
anisms in the absence of manually annotated tracking data. The strategy is
described in Chapter 6.

1.6.1 Publications

The research conducted in this thesis has resulted in several publications, including
works developed in collaboration with other authors. The following publications are
related to the research presented in this thesis:

• Cunha, F., dos Santos, E. M., Barreto, R., and Colonna, J. G. (2021). Fil-
tering empty camera trap images in embedded systems. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR)
Workshops, pages 2438–2446.

Summary: This paper presents a comparative study of animal recognition mod-
els, analyzing the trade-off between accuracy and inference latency on edge de-
vices. Its core contributions are presented in Chapter 4.

• Cunha, F., dos Santos, E. M., and Colonna, J. G. (2023). Bag of tricks for
long-tail visual recognition of animal species in camera-trap images. Ecological
Informatics, 76:102060.

Summary: This work introduces the Square-Root Sampling Branch (SSB)
framework to improve long-tailed visual recognition by leveraging camera trap
context. The proposed method is systematically evaluated against state-of-the-
art approaches. Its content is mostly covered in Chapter 5.
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• Santos, E. M. d., Cunha, F., Colonna, J. G., and Carvalho, J. R. H. (2023).
Monitoramento ambiental não invasivo utilizando dados de sensores e técnicas de
aprendizagem de máquina. Computação Brasil, 1(50):24–28

Summary: This paper outlines initiatives developed at the Institute of Com-
puting (UFAM) for wildlife monitoring using machine learning, based on data
from non-invasive sensors such as camera traps and acoustic sensors.

• Alencar, L., Cunha, F., and dos Santos, E. M. (2023). A context-aware approach
for filtering empty images in camera trap data using siamese network. In 2023
36th SIBGRAPI Conference on Graphics, Patterns and Images (SIBGRAPI),
pages 85--90. IEEE

Summary: This work presents an approach based on a Siamese convolutional
neural network for filtering empty camera trap images by leveraging contextual
information. It compares newly captured images with reference images obtained
regularly. The paper also proposes a protocol for selecting image pairs to properly
train the Siamese network.

• Alencar, L., Cunha, F., and dos Santos, E. M. (2024). Zero and few-shot learning
with modern mllms to filter empty images in camera trap data. In 2024 37th
SIBGRAPI Conference on Graphics, Patterns and Images (SIBGRAPI). IEEE

Summary: This paper investigates the use of large-scale multimodal language
models in zero- and few-shot settings for filtering empty camera trap images. It
evaluates models such as CLIP, BLIP, and Gemini, comparing them against a
specialized Siamese ResNet50 baseline across multiple datasets, and analyzes the
impact of multimodal integration on animal presence detection.

1.7 Document Outline

The remainder of this text is organized as follows:

• Chapter 2 introduces the main concepts related to this work, including ma-
chine learning principles, computer vision architectures, and long-tail classifi-
cation methods. We also describe the metrics used to evaluate our proposed
methods.

• We present the related works in Chapter 3. We organize them according to
each task approached: filtering empty camera-trap images, long-tail classification,
multi-image classification, and animal counting.
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• In Chapter 4, we present a comparative study on empty frame detection in
camera-trap images to analyze the trade-off between precision and inference la-
tency on edge devices. We investigate classifiers and object detectors of various
input resolutions, optimizing them using quantization and by reducing the num-
ber of model filters.

• In Chapter 5, we propose a simple and effective framework called Square-Root
Sampling Branch (SSB) to improve long-tail visual recognition of animal species
in camera-trap images. We systematically evaluate it against state-of-the-art
methods for handling this task: square-root sampling, class-balanced focal loss,
and balanced group softmax.

• In Chapter 6, we propose a counting-by-tracking approach for estimating the
number of animals per species in camera-trap image sequences. The method
leverages a transformer-based tracker with a learned association model, trained
on a synthetic dataset derived from camera-trap data priors. We compare our
approach against state-of-the-art trackers and a strong heuristic baseline based
on maximum bounding-box counting.

• In Chapter 7, we summarize the main findings of the thesis, discuss its limitations,
and suggest directions for future research.



2

Fundamentals

This chapter presents the key concepts underlying this work. We begin by providing an
overview of machine learning topics relevant to our study, including computer vision
architectures, image preprocessing and data augmentation techniques, training and
model optimization methods, approaches for addressing long-tail classification, and
methods for multiple-object tracking. Finally, we describe the evaluation metrics used
to assess the performance of our proposed methods.

2.1 Computer vision architectures

Convolutional neural networks (CNNs) have become the dominant approach in com-
puter vision since AlexNet [82] won the ImageNet Large Scale Visual Recognition Chal-
lenge (ILSVRC) in 2012 by a substantial margin over the second-place entry (15.3% vs.
26.2% top-5 error). Since then, numerous innovations have been introduced to develop
new architectures, such as increasing depth with very small (3×3) convolutional filters
in VGG [137], the use of lateral branches, and more complex building blocks like the
inception module employed by the Inception family [145, 146]. More recently, Vision
Transformers [39] have emerged as a competitive modeling paradigm in computer vi-
sion. In this work, depending on the task, we evaluate several architecture families
to assess methods’ behavior across different models. Specifically, we use ResNet as a
widely adopted baseline, MobileNets for resource-constrained environments, Efficient-
Nets for parameter-efficient designs, and Vision Transformers to explore architectures
beyond CNNs.

12
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2.1.1 ResNet

ResNet (Residual Network) [57] is one of the most widely used convolutional neural
network architectures. Its main innovation over previous deep architectures was the
introduction of residual blocks (see Figure 2.1), which include shortcut (skip) connec-
tions that bypass one or more layers by adding the input x of a block F directly to
its output: y = F(x) + x. These residual connections were developed to address the
degradation problem, where increasing network depth caused the accuracy to saturate
and then degrade, primarily due to vanishing gradients or optimization difficulties. To
explore the benefits of deeper networks made feasible by residual blocks, the authors
introduced several ResNet versions with different numbers of layers: 18, 34, 50, 101,
and 152. Among these, ResNet-50 has become the most popular backbone used as
baseline for almost any computer vision task. ResNet achieved a top-5 error rate of
3.57%, winning first place in the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) 2015.

Figure 2.1. Residual building block.

Source: He et al. [57].

2.1.2 MobileNet

MobileNet [66] is a family of models developed with the objective of being efficient for
mobile and embedded vision applications. To reduce computation and model size, the
architecture relies primarily on depthwise separable convolutions, which factorize stan-
dard convolution into a depthwise convolution followed by a 1×1 pointwise convolution
(see Figure 2.2). To enable smaller and faster models, MobileNet also introduces two
shrinking hyperparameters: the width multiplier, which uniformly thins the network
by reducing the number of input channels M to αM and the number of output channels
N to αN , with α ∈ {1, 0.75, 0.5, 0.25}; and the resolution multiplier, which scales the
input image resolution, typically taking values in {224, 192, 160, 128}. Compared to
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GoogLeNet [145] on ImageNet, MobileNet is more accurate while being approximately
2.7 times less computationally intensive. When compared to VGG16 [137], MobileNet
is nearly as accurate but requires 27 times less computation.

(a) Standard convolutional filters.

(b) Depthwise convolutional filters.

(c) 1× 1 convolutional filters (pointwise convolutional filters).

Figure 2.2. MobileNet replaces standard convolutional filters (a) with depthwise convolu-
tional filters (b) followed by pointwise convolutional filters (c).

Source: Adapted from Howard et al. [66].

MobileNetV2 [124] introduces a new building block called inverted residual (MB-
Conv) that takes a low-dimensional compressed representation as input, first expands
it to a higher-dimensional space, applies a depthwise convolution, and then projects it
back to a low-dimensional representation using a linear convolution. It also includes
a residual connection. This module enables memory-efficient inference and achieves
1.4% higher accuracy on ImageNet than MobileNetV1, with an inference time that is
1.5 times faster.
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In its next iteration, MobileNetV3 [65] explores neural architecture search to opti-
mize the models for mobile phone CPUs, resulting in two new versions: MobileNetV3-
Large and MobileNetV3-Small. MobileNetV3-Large achieved 3.2% higher accuracy on
ImageNet compared to MobileNetV2, while reducing latency by 20%. MobileNetV3-
Small, on the other hand, achieved 6.6% higher accuracy than a MobileNetV2 model
with similar latency.

2.1.3 EfficientNet

When more resources are available, it is common to improve accuracy by scaling up
convolutional networks along different dimensions—for example, depth (increasing the
number of layers), width (increasing the number of channels), and resolution (using
higher input image sizes). Tan and Le [150] showed that scaling all dimensions using a
compound coefficient is more effective than scaling only one, as was the case with most
previous methods. Motivated by this, they used neural architecture search to design
a new baseline network based on the MBConv block [124], optimizing both accuracy
and FLOPs. Applying compound scaling to this baseline resulted in a new family of
models called EfficientNet, which achieved better accuracy and efficiency than previous
architectures (see Figure 2.3).

Figure 2.3. Comparison of EfficientNet models and other architecture families in terms of
model size and ImageNet accuracy.

Source: Tan and Le [150].
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Subsequently, the EfficientNetV2 [151] family was developed using neural archi-
tecture search to generate a baseline that optimizes not only parameter efficiency but
also training speed. In this version, alongside the MBConv block, the fused-MBConv
block was added to the search space. In this block, the depthwise separable convolu-
tion is replaced by a standard convolutional layer to better utilize current hardware
accelerators. EfficientNetV2 achieved 87.3% accuracy on ImageNet, which is 2% higher
than ViT [39] using the same computing resources, while training 5 to 11 times faster.

2.1.4 Vision transformers

While CNNs have dominated modeling in computer vision, self-attention architectures
have become prevalent in natural language processing (NLP) – especially the Trans-
former [160], which has emerged as the dominant architecture due to its efficiency
and scalability, enabling unprecedented advancements in the field. Even though mul-
tiple works attempted to combine CNNs with self-attention, ViT [39] was the first
architecture to apply the Transformer directly to images. The input image is split
into a sequence of patches, with a positional embedding added to each one to retain
positional information. These patches are then processed by a standard Transformer
encoder, treated the same way as tokens in NLP (see Figure 2.4). When this strategy is
combined with pre-training on large datasets, using image classification as a supervised
learning task, it performs well, with the best model achieving an accuracy of 88.55%
on ImageNet.

One of the challenges in transferring the high performance of Transformers from
NLP to vision applications lies in scalability, as the computational complexity of self-
attention is quadratic with respect to image size. To address this, the Swin Trans-
former [96] computes self-attention locally within non-overlapping windows, partition-
ing the image into fixed-size patches. While the standard Vision Transformer produces
a single low-resolution feature map, the Swin Transformer builds hierarchical feature
maps by gradually merging these patches in deeper layers (see Figure 2.5). This design
not only reduces computational complexity to linear with image size, but also produces
hierarchical features that can effectively replace convolutional neural networks as back-
bones in advanced computer vision frameworks. To overcome the lack of connections
across windows, the Swin Transformer introduces shifted window partitioning, which
alternates the window configuration across consecutive blocks. These advancements
resulted in a transformer-based backbone compatible with a wide range of tasks such
as classification, object detection, and semantic segmentation, achieving, for example,
86.4% top-1 accuracy on ImageNet.



2. Fundamentals 17

Figure 2.4. Vision Transformer (ViT) model overview.

Source: Dosovitskiy et al. [39].

(a) Swin Transformer (b) ViT

Figure 2.5. Comparison of feature maps produced by Swin Transformer and ViT.

Source: Liu et al. [96].
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2.2 Object detectors

For the task of object detection – localizing, defining a bounding box around objects of
interest and classifying them – several frameworks have been proposed, which can gen-
erally be divided into one-stage and two-stage approaches. In the two-stage approach,
with Faster R-CNN [117] being the main representative, the first stage generates a
set of candidate regions, and the second stage classifies each region. However, this
approach is computationally expensive. In contrast, one-stage methods, such as the
YOLO family [114], SSD [95], and EfficientDet [152], perform detection in a single pass
over the image.

2.2.1 Faster R-CNN

Faster R-CNN (Region-based Convolutional Neural Network) [117] is a two-stage ob-
ject detection framework in which both stages share the feature map generated by a
computer vision backbone (see Figure 2.6). In the first stage, a Region Proposal Net-
work (RPN) with a fixed input size of n×n is applied over the feature map as a sliding
window to generate multiple candidate regions. These regions are then classified in
the second stage. The output of the RPN includes both a regression component and a
binary classifier that indicates the confidence of the presence of an object.

Figure 2.6. Overview of the Faster R-CNN architecture.

Source: Ren et al. [117].
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In the second stage, the proposed regions of interest (RoI) are projected onto
the feature map and used as input to a network responsible for both classifying the
object and refining the region regression to better fit the object. As region proposals
may have arbitrary sizes, a RoI pooling layer is used to adjust the feature map to a
fixed input size. Therefore, the first stage acts as a guide to direct the attention of the
second stage.

2.2.2 YOLO

To reduce the computational cost of object detection, YOLO [114] formulates the task
as a regression problem to spatially separated bounding boxes and associated class
probabilities. The neural network predicts both bounding boxes and class probabilities
in a single pass over the image, allowing the model to be optimized end-to-end using
a loss function that directly reflects detection performance. Subsequently, multiple
versions of YOLO have been developed to improve accuracy and reduce latency [74,
75, 115, 116, 159].

2.2.3 SSD

Single Shot Detector (SSD) [95] uses a single deep neural network to detect objects in
an image. It applies a set of default boxes with multiple aspect ratios at each location
in a discretized grid over the feature map, generating scores for the presence of each
object category in each default box and producing adjustments to better fit the objects.
One innovation of SSD is the addition of several feature layers on top of the backbone,
allowing predictions of detections at multiple scales (see Figure 2.7).

Figure 2.7. Overview of SSD architecture using a VGG16 as backbone.

Source: Adapted from Liu et al. [95].

Following the overall MobileNetV2 design, Sandler et al. [124] introduced a vari-
ant of SSD that replaces all standard convolutional layers with depthwise separable
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convolutions, calling it SSDLite. While this model is 20× more efficient and 10×
smaller, it still outperforms YOLOv2 on COCO.

2.2.4 EfficientDet

EfficientDet [152] is a one-stage family of object detection models that follows the
efficiency principles of EfficientNet by jointly scaling resolution, depth, and width using
a compound scaling method. A key innovation is the Bi-directional Feature Pyramid
Network (BiFPN), which fuses multi-scale features through top-down and bottom-up
pathways. EfficientDet uses ImageNet-pretrained EfficientNets as backbones, BiFPN
as the feature network, and a shared class/box prediction network (see Figure 2.8), all
of which are jointly scaled using the compound scaling method.

Figure 2.8. Overview of the EfficientDet architecture, highlighting the BiFPN layer.

Source: Tan et al. [152].

2.3 Image preprocessing techniques

Before images can be used in computer vision models, they must first be prepared in
an appropriate format for each architecture through a preprocessing step. These steps
typically include resizing and normalization. Another essential part of preprocessing
is data augmentation, in which images are slightly modified to increase data diversity
during training, improving model generalization.

One important preprocessing step involves standardizing image pixel values to a
common range, with the most typical being in [0, 1] or [−1, 1]. It is also common to
normalize data using the training set’s or ImageNet’s mean and standard deviation.
This can help stabilize and accelerate the training process [53].
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Images also usually need to be resized to match the model’s input size, which
varies depending on the architecture, although some models can handle inputs of any
size [53].

Data augmentation in computer vision can be done using a wide variety of trans-
formations. One common technique is random cropping, where a rectangular region
is randomly sampled from the input image and then resized to the model’s input size.
This rectangular region may vary significantly; for example, He et al. [58] use a pipeline
with a random crop with aspect ratio in [3/4, 4/3] and area in [8%, 100%], which may
heavily distort the image – yet this approach has proven effective in the literature. For
camera-trap images, where animals may occupy only a small portion of the frame, it
is important to use a narrower cropping range to reduce the risk of generating crops
without the animal. Another common technique is flipping the image with a 50% prob-
ability [58]. In most cases – such as with camera-trap images – only horizontal flipping
is suitable.

One challenge in designing data augmentation for different applications is deter-
mining which transformations and parameters are most effective for each case. Ran-
dAugment [31] proposes a simple parameterization to reduce the search space when
applying a wide range of transformations (see Table 2.1) and selecting the probability
for applying each transformation. The approach consists of choosing two parame-
ters: N , the number of sequential transformations applied, and M , the magnitude
for all transformations. This method has proven effective, increasing the accuracy of
EfficientNet-B7 by 1%.

Table 2.1. List of transformations used in the RandAugment policy.

RandAugment transformations
identity • autoContrast • equalize • rotate • solarize •
color • posterize • contrast • brightness • sharpness •
shear-x • shear-y • translate-x • translate-y

2.4 Training techniques

Training a deep learning model involves choosing multiple interdependent components
that guide the learning process. Given a training set and a cost function, the training
process consists of searching for a set of parameters θ of a model that minimizes the
cost function, thereby reducing the error on the training data. While this can be seen
as an optimization problem, the true objective is to learn a model that performs well
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on unseen data [53]. Key components in this process include the loss function, weight
initialization, optimizer, and learning rate scheduler, among others.

The objective function is the function to be minimized or maximized during the
training process. It is commonly referred to as the cost function, loss function, or error
function when it is being minimized [53]. For classification problems, a common loss
function is the softmax cross-entropy, given by:

CEsoftmax(z, y) = − log

 exp(zy)
C∑

j=1

exp(zj)

, (2.1)

where z = [z1, z2, . . . , zC ]
T is the predicted output vector from the model for all C

classes, and y is the ground-truth label of the sample. In this work, unless otherwise
stated, softmax cross-entropy is the loss function used. When addressing specific prob-
lems, a common approach is to modify or design a new loss function tailored to the task.
In Section 2.6.2, we describe loss functions developed to handle long-tail classification.

The initialization of model weights (also referred to as parameters) can be crucial
in determining whether training will converge [53]. Various initialization strategies ex-
ist, such as random sampling from a normal or uniform distribution, initialization with
zeros, or more advanced methods like Xavier initialization [51] and He initialization
[56].

Another common approach is to use the weights from a previously trained model,
also known as a pretrained model – for example, using weights from a model pretrained
on ImageNet. This technique, known as transfer learning, is often used to accelerate
training by requiring fewer steps to converge. Transfer learning can be applied in
two ways: using frozen weights, where the pretrained weights are not updated during
training, or fine-tuning, where the pretrained weights are further updated to adapt to
the new task [182].

Most optimizers used in deep learning are based on the gradient descent method,
where model weights are updated in small steps by iteratively minimizing the loss
function [53]. When the entire training set is used for each update step, the optimizer is
called deterministic. When only a single sample is used, it is referred to as stochastic. A
middle-ground approach is to use minibatches, which contain more than one sample but
fewer than the entire training set. The most important hyperparameter in Stochastic
Gradient Descent is the learning rate, which controls the step size used for updating
the weights. Another relevant hyperparameter is the batch size, which often depends
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on the available computational resources. However, various issues can arise during
optimization, such as getting stuck in local minima or saddle points. To address these
problems, several techniques have been developed, leading to alternative optimizers
such as RMSProp [61], Adam [80], and AdamW [100].

While determining the initial learning rate for a task is important for convergence
speed and stability, adjusting it during training is also crucial [58]. A common strategy
is to reduce the learning rate over time, often using exponential decay. For example,
He et al. [57] apply a step decay schedule, reducing the learning rate by a factor of 0.1
every 30 epochs. Similarly, Szegedy et al. [146] adopt an exponential decay approach,
decreasing the learning rate by a factor of 0.94 every two epochs. Loshchilov and Hutter
[99] propose a cosine annealing strategy, with more recent works adopting a simplified
version in which the initial learning rate is gradually reduced to zero according to a
cosine function [58]. In this schedule, usually called cosine decay or cosine schedule,
given a total of batches T , the learning rate ηt at the batch t is given by:

ηt =
1

2

(
1 + cos

(
tπ

T

))
η, (2.2)

where η is the initial learning rate. Another complementary strategy commonly used
to schedule the learning rate is to “warm it up” at the beginning of training to avoid
numerical instability. This strategy, proposed by Goyal et al. [54], consists of linearly
increasing the learning rate from 0 to the initial value over the first m batches – for
example, during the first 2 epochs.

2.5 Model optimization techniques

With AI becoming ubiquitous in our daily lives, optimizing models for both efficiency
and accuracy on mobile and edge devices has become increasingly important [71]. One
category of approaches focuses on designing more efficient architectures, such as Mo-
bileNets and EfficientNets. Another approach involves adapting models to specific
hardware constraints or leveraging the availability of specialized hardware accelera-
tors. This area encompasses a variety of techniques, including pruning [55], tensor
decomposition [84], distillation [62], and quantization [71] (used in this work), among
others.

Quantization is a technique in which the weights and/or activations of a model
are converted to a lower bit-depth representation – for example, from 32-bit floating
point to 8-bit integer. Jacob et al. [71] propose a quantization scheme that relies solely
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on integer arithmetic to approximate floating-point operations. Quantization can be
applied after training, in a process known as post-training quantization, which may
result in a reduction in model accuracy. An alternative is quantization-aware training,
which simulates quantization effects during training and can help mitigate the accuracy
loss introduced by the quantization process.

2.6 Training approaches for long-tail visual

recognition

This section describes state-of-the-art methods for handling the long-tail visual recog-
nition problem. The methods are grouped into four main families according to their
focus: re-sampling the data, re-weighting the loss, using two stages to focus on repre-
sentation learning, and creating multiple branches in the network.

2.6.1 Re-sampling

Re-sampling methods attempt to sample the dataset in order to obtain a more bal-
anced data distribution by over- or under-sampling instances according to the number
of instances per class. On the one hand, random over-sampling consists of replicat-
ing instances from the minority classes; however, this method can lead to overfitting
these instances [22, 29]. On the other hand, random under-sampling discards instances
from the majority classes, which can degrade the representation learning, especially for
extremely imbalanced datasets [29].

In some re-sampling strategies, the probability pj of sampling an instance from
class j is given by:

pj =
nq
j

C∑
i=1

nq
i

, (2.3)

where C is the number of training classes, ni is the number of training instances from
class i, and q ∈ [0, 1]. When q = 1, each class has a probability pj directly proportional
to its number of instances, i.e., each instance has the same probability of being sampled,
for this reason, this method is known as instance-balanced sampling, and, in practice, it
uses the original data distribution [76]. When q = 0, each class has an equal probability
(pj = 1/C) of being selected, this is also called class-balanced sampling [76, 187]. In
recent works [76, 187], an alternative between those two extremes was chosen by setting
q = 1/2, called square-root sampling, with this approach returning a less imbalanced
dataset.
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2.6.2 Re-weighting

The re-weighting methods work by modifying the loss function in order to redefine the
importance given to each class or instance during the training. These methods guide
the network on where to pay more attention by assigning different weights to different
categories or instances [76, 165, 187]. One naïve approach is to weight the dataset
based on the inverse class frequency or the inverse square root of class frequency[29].
More sophisticated approaches, such as the Focal loss and the Class-Balanced loss,
have been developed and take into consideration factors such as how easy one sample
is, or the effective number of samples.

Focal loss [92] was proposed in the context of the object detection problem, in
which there is an extreme foreground-background class imbalance. This loss automat-
ically down-weights well-classified samples to make the training focus on hard training
instances. To achieve this objective, given a class probability prediction pi for the
instance xi, Focal loss Lfocal is defined as

Lfocal = −(1− pi)
γ log(pi), (2.4)

where γ ≥ 0 is a parameter that controls the rate at which easy examples are down-
weighted.

The Class-Balanced loss (CB loss) [32] weights each class based on the effective
number of samples En, which is given by:

En =
1− βn

1− β
, (2.5)

where n is the number of samples and β ∈ [0, 1) is a hyperparameter. Given a class j

with nj training samples, the loss L with respect to this class is weighted by a factor
using the effective number of samples:

CB(p, j) =
1

Enj

L(p, j) =
1− β

1− βnj
L(p, j), (2.6)

where p denotes the class probabilities estimated by the model.
The Class-Balanced Focal (CB-Focal) loss is the combined version of Focal loss

and Class-Balanced loss. In this case, L(p, j) in Equation 2.6 is replaced by Lfocal from
Equation 2.4. This loss weights the importance of each instance on the loss from the
perspective of both class distribution and sample easiness.
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2.6.3 Two-stage training

The extensive experiments conducted by Kang et al. [76] on common long-tail bench-
marks showed that data imbalance is not an issue for learning high-quality representa-
tions. Their results evidenced that it is possible to attain a good long-tail recognition
score by training only the classifier on top of those learned representations. Taking
this into account, Kang et al. [76] propose a two-stage training method for long-tail
recognition. In the first stage, the model is trained using the original unbalanced train-
ing distribution. In the second, only the classifier is trained using a balancing method,
such as re-weighting or re-sampling.

2.6.4 Multi-branch networks

Methods using multi-branch networks handle the long-tail problem by creating expert
branches to treat relatively balanced sub-groups of classes separately. The Bilateral-
Branch Network (BBN) [189] uses two backbone branches, one is trained with a uni-
form sampler and the second one uses a sampler with a reversed distribution w.r.t.
the original long-tail distribution; a cumulative learning strategy is then used to com-
bine their output feature vectors. Ally Complementary Experts (ACE) [22] works by
using multiple expert branches on top of a shared backbone, in which each expert
has individual learning blocks and a prediction layer for a diverse but overlapping set
of categories. Then, the experts’ predictions are aggregated by averaging the logits
that are re-scaled according to the data splits. The main idea is that the dominating
categories (head classes) for each expert are different, and the overlapping categories
support each other during the aggregation, especially for categories with few samples.
Balanced Group Softmax (BAGS) [87] also uses a shared backbone for representation
learning, but the categories are divided into disjoint groups according to the number
of instances.

BAGS is trained in a two-stage fashion. First, the model is trained using a single
softmax classification head containing all categories. Then, the classification head is
replaced by the new groups of classification heads randomly initialized. Finally, only
these heads are trained, with all other weights frozen. Each category j is assigned
to a single group Gk based on its number of training instances nj if slk ≤ nj < shk,
with k > 0, where slk and shk are the minimum and maximum number of instances
for the group Gk and slk+1 = shk. Li et al. [87] split the categories into four groups,
with sl and sh set to (0, 10), (10, 102), (102, 103), and (103,+∞), and the special group
G0 for foreground/background classification. Each group includes an extra category
others for the samples from classes belonging to the other groups. To balance training,
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the others category within each batch was undersampled by a factor of β × nk, where
nk is the number of instances from categories belonging to the group in that batch
(β = 8 was used). During the inference, a softmax is applied to each group and the
probabilities are remapped back to the original category order and rescaled by the
foreground probability. By this design, classes with a significantly different number of
instances are isolated from each other during the training, thus avoiding the tail classes
being substantially suppressed by the head classes.

2.7 Multi-object Tracking Methods

Multi-object tracking is a task in computer vision that aims to detect all objects in
a video, associate them across frames, and assign a unique identity to each object in
the scene. The most effective paradigm in the current state-of-the-art is the tracking-
by-detection approach, in which an object detector generates bounding boxes for each
frame of a video sequence, and a tracking algorithm is then responsible for associating
the boxes that belong to the same object [186]. These methods must handle several
challenges, such as occlusions and objects leaving and re-entering the scene. SORT [174]
is one of the most representative methods of the tracking-by-detection paradigm, with
more recent approaches building upon it, such as ByteTrack [186] and BoT-SORT [1].
PuTR [94] also follows the tracking-by-detection paradigm but employs a transformer
to learn the association of objects across frames.

2.7.1 SORT

Simple Online and Realtime Tracking (SORT) [174] focuses on efficiently associating
objects in online and real-time applications. It operates by presenting to the tracker
only detections from consecutive frames. At each time step, the tracker receives bound-
ing boxes from the current frame and matches them to existing tracks based on predic-
tions from prior frames. SORT relies on computationally efficient classical methods,
namely the Kalman filter for motion prediction and the Hungarian algorithm for data
association. This combination enables fast and lightweight tracking while maintaining
competitive performance, making SORT particularly suitable for real-time scenarios.

2.7.2 ByteTrack

Most trackers associate detections by considering only those with confidence scores
above a predefined threshold, discarding low-confidence detections (e.g., from occluded
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objects). This often results in a non-negligible number of missed objects and frag-
mented tracks. ByteTrack [186] addresses this limitation by introducing a simple and
effective association method, called BYTE, which leverages nearly all detections. In this
approach, high-confidence detections are associated in a first pass, while low-confidence
detections are used in a second pass to recover tracks that were not matched initially.

2.7.3 BoT-SORT

While SORT relies solely on motion features for data association, DeepSORT [174]
extends this approach by incorporating visual (ReID) features extracted from an ap-
pearance embedding model, improving robustness in challenging scenarios. Building
on these ideas, BoT-SORT [1] adopts ByteTrack’s two-pass association framework and
enhances it by integrating appearance (ReID) features to improve matching accuracy.
Additionally, it introduces further refinements, including camera motion compensa-
tion and a more accurate Kalman filter state representation, resulting in more robust
tracking in dynamic scenes.

2.7.4 PuTR

Pure Transformer (PuTR) [94] is a multi-object tracker that models trajectories as
directed acyclic graphs (DAGs), enabling the representation of object sequences across
frames through a binary adjacency matrix. This formulation allows trajectories to
be learned using a pure Transformer architecture, where each detection is represented
as a token. The attention mechanism employs a causal mask, restricting each token
to attend only to detections from previous frames. Additionally, PuTR assumes that
detections within the same frame cannot belong to the same trajectory. While tokens
are temporally ordered across frames, they remain spatially unordered within each
frame. To account for this structure, the positional encoding is adapted to incorporate
both temporal and spatial information. Figure 2.9 provides a schematic illustration of
the PuTR framework.

To train PuTR, the affinity matrix is generated through the inner product be-
tween the representations of object tokens in the current image and those in previous
images, followed by the application of a softmax function to obtain a probability dis-
tribution that maps each object in the current frame to those in previous frames. At
inference time, PuTR employs a runtime manager and the Hungarian algorithm to
resolve assignment conflicts produced by the learned association module, which gener-
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ates the adjacency matrix. Additionally, this affinity matrix is enhanced with spatial
and geometric compensations.

Figure 2.9. The main idea of PuTR is to model detections as a directed acyclic graph (a),
where each detection is connected to detections in previous frames using a binary adjacency
matrix (b). This matrix is produced by a transformer that leverages both spatial and tem-
poral positional encodings with a causal mask, ensuring that each bounding box can only be
associated with boxes from past frames.

Source: Liu et al. [94].

2.8 Evaluation Metrics

This section describes the metrics used to evaluate the methods proposed for the animal
recognition tasks in camera-trap images addressed in this work. These include metrics
for classification problems, with a focus on specific contexts such as long-tail visual
classification and empty frame filtering. Additionally, we describe metrics for animal
counting.

2.8.1 Classification Metrics

There are several measures to assess the performance of classification models. In this
work, we used metrics obtained from the confusion matrix, which indicates the num-
ber of correctly and incorrectly classified instances for each class [139], as shown in
Table 2.2. True positive (tpi) refers to the number of correct predictions for class i.
False positive (fpi) refers to the number of instances incorrectly classified as belonging
to class i. False negative (fni) refers to the number of instances from class i that are
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wrongly classified as not belonging to class i. True negative (tni) indicates the number
of instances correctly classified as not belonging to class i.

Table 2.2. Confusion matrix for binary classification of a given class i

Predicted
Positive Negative

A
ct

u
al Positive tpi fni

Negative fpi tni

Accuracy: Accuracy is the most commonly used metric to evaluate classification
performance, defined as the number of correct predictions divided by the total number
of instances:

Acc =
tp+ tn

tp+ fp+ fn+ tn
. (2.7)

This metric does not distinguish between the number of correct predictions among
different classes, nor does it favor any particular application [139]. Top-k accuracy is
a widely used variation, where a prediction for an instance is considered correct if the
true label is among the top k highest predictions given by the model [122].

Binned accuracy: Another variation is binned accuracy, where the categories
are grouped into bins according to specific criteria, and accuracy is reported for each
group. For example, Li et al. [87], when evaluating long-tailed datasets, group the
categories into four bins based on the number of training instances, where Bini contains
the categories composed of 10i−1 to 10i instances.

Recall: Recall measures the capacity of a model to correctly classify the instances
of a given class i, calculated as the ratio of correctly classified instances (tpi) to the
total number of instances (tpi and fni) belonging to class i:

Recalli =
tpi

tpi + fni

. (2.8)

Precision: Precision measures the confidence of a model when classifying an
instance as belonging to class i, and it is calculated by dividing the number of correctly
classified instances (tpi) belonging to class i by the number of all instances classified
(tpi and fpi) as belonging to class i:

Precisioni =
tpi

tpi + fpi
. (2.9)
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True Negative Rate: The True Negative Rate is the Recall of the negative
class. Instead of focusing on the positive class, it measures the proportion of negative
instances correctly classified:

TNRi =
tni

tni + fpi
. (2.10)

It can be used, for example, in the problem of filtering empty camera-trap frames,
where images with animals are the positive class, but we want to measure the model’s
effectiveness in correctly removing frames without animals.

F1-Score: As accuracy tends to bias the results in favor of majority classes,
when evaluating problems that follow the long-tail distributions observed in nature, a
more suitable metric is the macro-averaged F1-score [112]. The F1-score F1i of a class
i represents a trade-off between precision pi and recall ri, and is calculated as their
harmonic mean:

F1i = 2× pi × ri
pi + ri

. (2.11)

The macro-averaged F1-score Fm
1 across C classes is the mean of the class-wise F1-

score:

Fm
1 =

1

C

C∑
i=1

F1i =
1

C

C∑
i=1

(2× pi × ri
pi + ri

). (2.12)

2.8.2 Precision-Recall Curve

The Precision-Recall curve is a graphical representation of a binary classifier’s perfor-
mance across multiple thresholds, with recall values plotted on the x-axis and corre-
sponding precision values plotted on the y-axis [123]. The area under the Precision-
Recall curve (PR AUC) is an effective metric for comparing the performance of multiple
classifiers [36].

2.8.3 Counting Metrics

To assess the task of counting animals in a sequence of camera-trap images, we follow
the approach proposed by the iWildCam 2021 Competition [11], where the prediction
is given by the count of individuals for each species, and the model is evaluated using
the mean columnwise root-mean-squared error (MCRMSE). Let Y ∈ {0, 1, 2, . . . }n×m

be the matrix of ground truth counts, where each entry yij corresponds to the count for
species j ∈ {1, . . . ,m} in sequence i ∈ {1, . . . , n}. Similarly, let Ŷ ∈ {0, 1, 2, . . . }n×m
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represent the matrix of predicted counts. The MCRMSE is given by:

MCRMSE =
1

m

m∑
j=1

√√√√ 1

n

n∑
i=1

(yij − ŷij)2. (2.13)

This metric accounts for both the species identification and counting errors, ensuring
that false predictions on empty sequences also contribute to the overall error.

2.9 Final Remarks

This chapter presented the fundamental concepts related to the methods and ap-
proaches applied and developed throughout this work. In particular, we described
key computer vision architectures, training strategies, and data processing techniques,
which are adapted to better meet the specific needs of tasks in automated camera-trap
image processing. We also presented state-of-the-art methods relevant to the specific
tasks addressed in this work, including model optimization strategies aimed at improv-
ing performance on edge devices, as discussed in Chapter 4; techniques for handling
long-tail distributions – particularly pertinent to Chapter 5; and multi-object tracking
methods used in our proposed counting-by-tracking approach in Chapter 6.

These concepts are essential not only for understanding the methods used but also
for contextualizing the related work. In the next chapter, we review existing literature
on the selected tasks in automated camera-trap image processing covered in this work
and highlight the research gaps our contributions aim to address.
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Related Work

This chapter reviews related work on automated camera trap processing tasks ad-
dressed in this research, identifying limitations in the literature that motivate the
contributions of this work. We begin by discussing methods for filtering empty frames.
Next, we examine the automated species identification task, considering multiple as-
pects such as class imbalance, generalization, and strategies for improving performance.
We then explore approaches that leverage all images within a sequence for species iden-
tification. Subsequently, we review the literature on automated counting of individuals
in camera trap images using computer vision techniques. Finally, we discuss methods
for automated preprocessing on edge devices, independent of the specific task being
performed.

3.1 Filtering empty camera-trap images

Empty or blank frames represent a significant portion of camera trap data – for in-
stance, they comprise approximately 76% of the Snapshot Serengeti dataset [89] – and
are often useless. Filtering them out can reduce human workload [178], minimize data
transmission over limited-bandwidth networks [42, 193], and save storage, extending
the duration a camera can remain in the field without SD card retrieval [161].

This task has been studied both as an additional category in classifiers, alongside
species classes [14, 130, 149, 163], and as a two-stage approach [106, 107, 148, 173] where
the first stage is responsible for recognizing the presence of animals and the second for
identifying the species. Several tools have been developed for filtering empty images
[13, 72, 167, 184], and the challenge has been explored from multiple perspectives
[4, 5, 9, 108, 178, 179, 180].

33
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Classification approaches. Norouzzadeh et al. [107] trained nine models to
detect images containing animals in the Snapshot Serengeti dataset, with all models
achieving an accuracy greater than 95.8%, and VGG achieving the highest accuracy of
96.8%. Tabak et al. [149] developed the R package Machine Learning for Wildlife Image
Classification (MLWIC), which includes an empty class among the species categories
and correctly classified 85.1% of the empty images in the Snapshot Serengeti. In its
later version, MLWIC2 included a specific model for filtering empty images, achieving
an accuracy of 94.1% on Snapshot Serengeti. Vargas-Felipe et al. [158] used an SVM
on top of embeddings generated by a pretrained ResNet50, achieving an accuracy of
99.95% for the binary classification of empty frames and desert bighorn sheep.

Background-based and hybrid methods. Zilong [167] is a tool based on
a non-machine learning algorithm developed to identify empty camera trap images
based on color and edge changes among images in a sequence. It correctly identified
85% of empty images and retained 87% of animal images in the Snapshot Serengeti
dataset, compared to 69% and 65%, respectively, achieved by MLWIC. However, the
authors recognize that a major limitation of the method is that it cannot identify empty
images when there is vegetation swinging. EventFinder [72] is a similar tool based on
background subtraction for identifying empty camera trap images. The authors report
an accuracy of 96.1% on their private dataset and a 90% reduction in human workload.
Other studies also rely on background subtraction and traditional computer vision
techniques using hand-crafted features to detect animals [50, 91, 103, 118, 183, 188].

Animal Scanner [184], in contrast, combines background subtraction with a deep
learning image classifier to classify a frame into three classes: human, animal, or empty.
In their study, Yousif et al. [184] also analyze the effects of gradually reducing the
model’s input size and the number of filters on the trade-off between model performance
and inference time.

Detection-based approaches. A widely used model is MegaDetector [13], a
generalist object detector trained to localize animals, people, and vehicles. It helps
users identify animals but does not classify them at the species level, being effective for
filtering empty images [85]. Fennell et al. [44] demonstrated the effectiveness of inte-
grating MegaDetector into existing camera-trap workflows, reducing manual processing
time by 8.4×. The early versions of MegaDetector were based on Faster-RCNN, which
was computationally intensive. However, to develop more lightweight models, the ar-
chitecture was changed from version 5 onwards to be based on the YOLO architecture
family.

Örn [108] compared a DenseNet201 classifier, YOLOv3, and MegaDetector on
camera-trap images obtained from the Cairngorms National Park, United Kingdom,
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categorizing them as empty, animal, or human, with MegaDetector performing best.
Learning under data constraints. While detection-based and classification

models achieve strong performance, they often rely on large-scale annotated datasets.
To address this limitation, several works focus on improving performance under limited
or imbalanced data conditions.

Yang et al. [180] used an ensemble based on AlexNet, InceptionV3, and ResNet18
to automatically identify empty images from cameras in Lhasa Mountains, China.
They trained each architecture on two versions of the dataset: one using the original
distribution and one with a balanced distribution. They also used thresholding to
reduce classification errors. In a complementary study, Yang et al. [178] studied the
impact of the class imbalance problem on model performance for identifying empty
camera trap images using AlexNet architecture on Snapshot Serengeti dataset. They
found that when the empty image rate was between 10% and 70%, there was no
significant impact on the results. However, for rates higher than 70%, they found
that oversampling helped reduce the error associated with the non-empty images being
classified as empty.

Auer et al. [9] used an active learning approach to train location-specific mod-
els for daytime and nighttime to detect empty camera trap images. These models
outperform MLWIC by over 10%. While MegaDetector achieves 5% higher accuracy,
the active learning models use only 150 to 160 annotated training images, whereas
MegaDetector is trained on millions.

Alencar et al. [4] employed a Siamese network to filter empty camera-trap images
based on a reference image in a scenario where such a reference is obtained regularly.
This approach achieves accuracy levels that are 3% to 8% higher than its counterpart
using a non-siamese binary classifier with the same backbone. In a subsequent work,
Alencar et al. [5] investigated large-scale multimodal language models in zero-shot
and few-shot learning scenarios, achieving promising results. Few-shot learning using
BLIP [86] outperformed a binary classifier based on ResNet-50, but its performance
was still lower than that of the Siamese version.

Our approach. Similar to the work of Yousif et al. [184], in Chapter 4, the
problem of filtering empty frames is approached from the perspective of the trade-
off between model performance and inference time. However, while they analyze this
trade-off for desktop computers, our approach focuses on embedding the models on
edge devices and includes model optimization analysis. As in the work of Örn [108],
we also compare the performance of object detectors and classifiers.

As detailed in Section 3.5, some studies explore empty camera-trap image filtering
directly on edge devices. However, their focus is on validating applications on the
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edge, whereas our study aims to assess the trade-off between inference latency and
performance. In Chapter 5, when studying the long-tail distribution, and in Chapter 6,
within our counting strategy, we consider the empty class as an additional category on
the same classification head, alongside the animal classes.

3.2 Species identification

Species identification in camera trap images is the most extensively studied task in
the automated analysis of camera-trap data. Early approaches used classical computer
vision techniques, such as hand-crafted features and shallow machine learning classifiers
[46, 49, 144, 172, 185].

With the advent of deep learning, various aspects of this problem have been
explored in the literature, including the effectiveness of transfer learning for model
training, the impact of training data size, and the extreme class imbalance typical of
biodiversity datasets.

Given the static nature of camera traps, studies have also examined the ability
of models to generalize to new locations beyond those seen during training. Specific
approaches have been investigated to improve classification accuracy, such as localizing
and cropping animals before classification, as well as techniques like confidence thresh-
olding to improve prediction reliability. Additionally, efforts have been made to develop
models that can run efficiently on devices with limited computational resources and
to create practical applications that allow ecologists to identify animal species without
requiring expertise in model training or computer programming.

Transfer learning approaches. Transfer learning has been explored to train
models with limited labeled data. In one of the first works applying modern deep
architectures for animal species classification in camera-trap images, Villa et al. [163]
used transfer learning by freezing the backbone of ImageNet-pretrained models using
them as feature extractor and training only the classifier. They experimented with
AlexNet, VGG, GoogLeNet and ResNet to recognize species in the Snapshot Serengeti
dataset. They also explored fine-tuning, allowing the pretrained backbone to be further
trained with camera-trap data, achieving around a 5% improvement over training only
the classifier head.

In their experiments, Norouzzadeh et al. [107] found that transfer learning with
ImageNet-pretrained models had only a small positive impact compared to training
from scratch on Snapshot Serengeti. However, they recognized the benefits of using
transfer learning for smaller datasets.
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Instead of using ImageNet-pretrained models, Willi et al. [173] pretrained their
models on Snapshot Serengeti and applied transfer learning to other camera-trap
projects – Camera CATalogue, Elephant Expedition, and Snapshot Wisconsin – achiev-
ing better results than training from scratch. Transfer learning across camera-trap
datasets is also explored by Norouzzadeh et al. [106]. In recent years, transfer
learning with pretrained weights, either from the ImageNet or COCO datasets, has
become a common approach to reducing training time and improving performance
[14, 40, 45, 48, 102, 105, 109, 110, 111, 130, 134, 147, 169, 192, 193]. We also adopt
this strategy in this work, initializing our models with ImageNet weights.

Impact of training data size. Schneider et al. [130] point out that previous
researchers trained models using a massive number of labeled images, such as those
available in the Snapshot Serengeti dataset, but this approach would be impractical for
the vast majority of small-scale projects. Their work evaluates whether deep learning
models trained on modestly sized training datasets can succeed and analyzes their
performance relative to the amount of training data.

Willi et al. [173] also assess the impact of training dataset size on model per-
formance, finding that transfer learning can benefit smaller datasets. While using the
full Camera CATalogue dataset resulted almost the same accuracy when training from
scratch or with transfer learning, when using only 12.5% of the data, transfer learn-
ing resulted in an accuracy 10% higher. Shahinfar et al. [134] evaluated camera-trap
training sets with 10, 20, 50, 150, 500, 1000 images per class and found that precision
and recall metrics scale logarithmically with the number of training images. Pantazis
et al. [109] assess the impact of training set size on ecological metrics, finding that
while smaller training sets can significantly affect results, some metrics can still be
accurately estimated with less data.

Data-efficient learning. Some studies have explored active learning approaches
to minimize the number of images needed to train models – reducing the manual label-
ing effort – while maintaining high model performance in camera-trap image analysis
[20, 102, 106]. Pantazis et al. [110] studied self-supervised learning to reduce the
amount of labeled data required for training models on camera-trap datasets. In or-
der to consider the scenario of smaller-scale projects, in Chapter 5, we evaluate the
methods using multiple datasets with varying numbers of training images.

Class imbalance. The extreme class imbalance resulting from a long-tail dis-
tribution is another challenge in camera-trap data, as it is both prevalent and severe,
as shown by He et al. [59], and explored in the context of species identification. Villa
et al. [163] compared model performance using the original data distribution and a
fully balanced dataset, with the latter achieving accuracies 10% higher. However, in
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their experiments, Villa et al. [163] discarded species with fewer than 1,000 images,
which is problematic since rare species may be of particular ecological interest.

Norouzzadeh et al. [107] found that their models obtained extremely low accuracy
on rare classes. To mitigate this issue, they tried three approaches: weighted loss,
oversampling, and emphasis sampling. They found that all three methods improved
accuracy for some rare classes but not for all, highlighting the need for further research
on the topic.

To handle data imbalance in their experiments, Schneider et al. [130] added ar-
tificially augmented images to the training set for rare species to ensure at least 100
images per class. They also applied a heuristic sampling method to select training
images, which, combined with the augmented images, can be seen as an oversampling
technique. Despite this approach, they found that species with fewer than 500 training
samples often exhibited poor recall.

Beery et al. [12] generated synthetic training examples using the game engine
Unity and the simulation platform Microsoft AirSim to improve the models’ perfor-
mance on rare classes, achieving a reduction of 10% in error rate for the class deer by
adding only 5 synthetic examples, at the cost of a <0.5% increase in average class-wise
error. Synthetic training examples generated using Unity were also used by Straka et al.
[141] to improve pose estimation performance for Lynx lynx in camera trap images.

Böhner et al. [18] included images from other datasets to increase the number
of training images of rare species; however, the training set was still unbalanced. To
handle the long-tail distribution in their data, Miao et al. [102] used the Open Long-
Tailed Recognition [97] method to balance learning between head and tail categories.
Other studies have not applied any specific techniques to address class imbalance [14,
40, 48, 105, 149, 169, 173, 192, 193].

In Chapter 5, similar to Norouzzadeh et al. [107], we directly address the long-tail
issue using state-of-the-art methods to improve performance on tail classes. However,
we propose a new method that better balances the trade-off between improving tail
class performance and preserving head class accuracy.

Generalization across locations. Another challenge arises from the fact that
camera traps are static, retaining the same background for images taken by each cam-
era, which may bias models toward trained locations. However, a key capability desired
in models for the automated analysis of camera-trap data is the ability to generalize
to new locations beyond those seen during training [130]. In fact, as demonstrated
in the literature [14, 105, 130, 149], performance is poor when applied to untrained
locations, especially for species identification models. Beery et al. [14] presented the
Caltech Camera Traps dataset, designed to measure generalization to new environ-



3. Related Work 39

ments through a location-based train/test split, where images from the same location
were kept in either the train or test set. This differs from other works, where the
train/test splits were done randomly [149, 163] or by capture event [102, 107, 173].

Splitting the dataset randomly or by capture event can lead to data leakage in
the test set, as images taken within short time intervals may be near-duplicates. To
avoid this, Beery et al. [14] ensured that, when testing on images from locations used
during training, the training set included images from even days, while the test set
contained only images from odd days. In recent years, the location-based or temporal-
based train/test splits have become the standard for evaluating classification models
on camera-trap data [12, 15, 18, 40, 41, 48, 101, 105, 109, 110, 130, 162, 169]. In this
work, we adopt location-based splitting to validate our models.

Large multimodal language models for generalization. Recent works have
explored the use of large multimodal language models to address generalization in cam-
era trap images, particularly under domain shifts caused by unseen locations or species.
These approaches are often evaluated in open-world scenarios, including few-shot and
zero-shot learning settings. WildCLIP [47] builds upon CLIP by fine-tuning it to
retrieve scenic, behavioral, and species-level attributes from camera trap images. Sim-
ilarly, Eco-VLM [181] adapts CLIP using an ecologically curated subset of ImageNet-
1K, improving performance in zero- and few-shot classification tasks. BioCLIP [140] is
a vision foundation model for biology trained using taxonomic information, enabling
fine-grained classification and zero-shot recognition of unseen taxa.

Santamaria et al. [125] introduced the Camera Trap Language-guided Contrastive
Learning (CATALOG) model, which integrates multiple foundation models through
multimodal fusion, including GPT-3.5, CLIP, LLaVA, and BERT. By jointly leveraging
visual and semantic representations, CATALOG learns more robust and transferable
features, improving performance under domain shifts in camera trap image recognition.

Pre-cropping animals. A common issue in camera trap images is that animals
appear too small when they are far from the camera. Some studies have addressed
this by cropping bounding boxes around the animals to highlight them. Villa et al.
[163] analyze this issue using a manually checked subset containing only animals in the
foreground, achieving accuracies 10% to 15% higher compared to using all images.

Beery et al. [14] compare classifiers trained on full images and cropped bounding
boxes, with the latter achieving accuracies around 10% to 20% higher than the full-
image model. Norman et al. [105] also found that cropping images to bounding boxes
greatly improves model performance, with an F1-score of 0.77 versus 0.47. These results
motivated others to train their models directly on animal crops generated by object
detectors rather than full images, minimizing background influence and reducing bias
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toward training locations [20, 41, 106, 109, 110, 125].
Gadot et al. [48] showed that incorporating an object detector into a classification

pipeline improves performance compared to a whole-image classifier, using a dataset
of 42 million camera-trap images as well as smaller datasets such as iWildCam.

In this work, as presented in Chapter 5, we also conduct a study comparing the
effectiveness of using MegaDetector as a pre-cropping strategy versus using the full
images.

Confidence thresholding and calibration. Another investigated approach
to improving classification performance is confidence thresholding, which selects high-
confidence predictions while reducing coverage – i.e., the number of images for which
the model provides predictions. For example, this can reduce human effort by sending
only low-confidence predictions for manual review. Norouzzadeh et al. [107] find that
using a 43% confidence threshold allows them to automatically process 97.2% of images
from the species identification task at human-level accuracy. Willi et al. [173] report
accuracies between 96.7% and 98.9% with a 99% confidence threshold, while coverage
remained between 76% and 86.5%. Whytock et al. [169] evaluate several thresholds,
finding that for their models, a threshold of >70% confidence was required to achieve
an accuracy of 90% or more, with >25% of data being discarded.

In chapter 4, we evaluate the model’s performance using a precision-recall curve
to assess its accuracy across various confidence thresholds, in line with other works in
the literature [45, 162]. To improve the robustness of ecological analysis, some studies
use a fixed confidence threshold based on their data to filter out uncertain predictions
[18, 52, 98, 101, 109]. Dussert et al. [41] studied the calibration of models through
temperature scaling for species classification in camera trap images, in order to allow
the interpretation of confidence scores as probabilities.

Model efficiency. Considering practical use cases, some studies have explored
more efficient models in their research, for example, recognizing that end users may
not have access to powerful computers to run computationally intensive models or
that some applications require models to run on edge devices for in-field inference.
Norouzzadeh et al. [107] evaluate several models, including ResNet18 – a smaller ver-
sion of the well-known ResNet family – which achieved only 0.5% lower accuracy
than the best-performing model in their experiments. This result motivated other
authors to adopt ResNet18 in their studies to balance accuracy and computational
costs [110, 148, 149, 173]. With the same purpose, Schneider et al. [130] included
in their experiments architectures specifically designed for constrained computational
resources: NASNetMobile, MobileNetV2, and Xception.

On the other hand, when high-performance computing resources are available,
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larger models or ensembles can provide improved classification results [48, 107, 130].
Pantazis et al. [109] found that the choice of model architecture has minimal impact
on the ecological metrics used in their study, despite differences in machine learning
performance metrics. Other works[73, 192, 193] have also explored species identification
on edge devices by using smaller models and optimizing them for embedded systems,
as discussed in more detail in section 3.5.

In this work, along with state-of-the-art models, we also include architectures
that are computationally efficient for both edge devices and low computational power,
considering scenarios where high computational power is not available.

User-oriented tools. Efforts have been made to make computer vision models
accessible to users with limited experience in Python or deep learning model training.
Tabak et al. [149] developed MLWIC (Machine Learning for Wildlife Image Classifi-
cation), an R package designed to be accessible to ecologists, allowing them to apply
trained models to their datasets and train their own models. They later released an im-
proved version, MLWIC2 [148]. Their next iteration, CameraTrapDetectoR [147], was
based on the Faster R-CNN object detector and enabled not only species classification
but also direct bounding-box detection within R. Similarly, Böhner et al. [18] proposed
an AI-assisted semi-automatic workflow in R for processing camera-trap images, mak-
ing advanced computer vision techniques more accessible to ecologists. Concerned on
respecting human privacy, Fennell et al. [44] developed a tool to blur human-classified
bounding boxes based on MegaDetector outputs.

3.3 Classifying capture events

Most camera trap projects capture more than one picture per sensor trigger, hoping to
get a good shot to identify the passing animal. Usually, most works in the literature
treat each picture in the sequence as an independent sample during both training
and testing, as this approach allows the use of standard computer vision architectures
and evaluation metrics without additional post-processing. An alternative to improve
species identification is to consider all images in the capture event to identify the animal
present.

To classify capture events, Norouzzadeh et al. [107] used two approaches: ag-
gregating predictions from each image within a sequence, and training a classifier to
directly predict capture events. In the aggregation approach, the vector predictions
of images within a sequence were averaged, resulting in an accuracy score on average
1% higher than when using individual images. In the second approach, they trained a
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model based on ResNet50 using a 9-channel input image, where three images from a
capture event were stacked on top of each other. For this case, only capture events with
exactly three images were considered (around 55,000), achieving an accuracy slightly
lower than that of the individual image model, likely due to the reduced training set
size.

Beery et al. [14] used two approaches for sequence classification: most confident,
where the prediction for a capture event is taken from the most confident prediction
among the images in that event; and oracle, where a capture event is considered cor-
rectly classified if any of its images are correctly classified—an optimistic evaluation.
In all experiments, using sequence information outperformed individual image predic-
tions, reducing the error rate by between 1% and 12.35%. The most confident approach
was also adopted by Willi et al. [173]; however, their work reports results only at the
capture event level, without comparing them to individual image predictions.

Dussert et al. [41] also explored the most confident and average prediction ap-
proaches. A key distinction in their work is that they evaluated both methods using
softmax scores and logits, applying the softmax function after aggregation in the latter
case. Sequence-based predictions consistently outperformed single-image predictions,
with the average approach achieving the best results – improving accuracy by an av-
erage of 3.71% with softmax scores and 3.56% with logits.

In their turn, Shashidhara et al. [135] explored training models to incorporate
temporal information from capture events by stacking channels, similar to Norouzzadeh
et al. [107], but with additional channels containing sequence information generated by
computer vision algorithms such as MOG2 [191] and Optical Flow [43]. Their results
indicate that using concatenated channels with temporal information led to significant
improvements – ranging from 10% to 20% – over single-image models. However, their
work lacks comparison with simpler methods, such as aggregating scores.

Beery et al. [15] proposed Context R-CNN, an approach based on a “memory
bank” to integrate short- and long-term sequence information for improving animal
detection in the current frame. Even though this method uses temporal information
across sequences, it is not directly applied to species identification at the capture-event
level.

In our iWildCam 2021 solution (as described in Appendix A), we evaluated two
approaches: majority voting over image-level predictions within the same sequence
and averaging predictions across the sequence. As averaging achieved better results,
we adopt this strategy in Chapter 6, where it is used to improve species classification
by leveraging all images within a sequence in the context of counting.
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3.4 Counting animals

In recent years, some efforts have been made to address the task of counting animals in
camera trap images. Norouzzadeh et al. [107] treated animal counting as a classification
problem, where each image was assigned to one of 12 possible bins representing the
range of individuals present. The authors recognized that object detection provides a
natural mechanism for counting but justified their design choice of using classification
due to the lack of bounding box labels in the Snapshot Serengeti dataset, which contains
only count labels at the image level.

In a subsequent work, Norouzzadeh et al. [106] used a pre-trained object detector
to generate bounding boxes on camera trap images and counted the number of animals
in an image based on the number of bounding boxes with a confidence higher than
90%. With this approach, they were able to achieve a slight improvement compared
to the previous classification approach, but without using any labeled image from the
target dataset. Kilima et al. [78] used YOLOv4 to count animals in single camera-trap
images using a small subset of Snapshot Serengeti. However, they did not compare
their results when using more images for training.

In 2021, the iWildCam competition proposed a new challenge to encourage the de-
velopment of approaches for counting individuals across camera trap image sequences,
providing a dataset for this problem [11]. The challenge explored the scenarios where
count labels are not available, which is the case for most publicly available camera
trap datasets, promoting alternative methods for counting animals, with labels being
collected only for the test set. All the top solutions used heuristics to count animals
based on the maximum number of bounding boxes detected across any image in the
sequence, including our solution described in Appendix A, which won the challenge.
This approach is also applied by Simões et al. [136].

In the 2022 edition, the iWildCam challenge re-focused on handling only the task
of counting the number of animals present in sequences of images, as it is considered
a particularly challenging problem. For this new version of the challenge, Wang et al.
[166] proposed two methods for counting animals: FilterDetector and DLEDetector,
which achieved first and third place, respectively, in iWildCam 2022. Both methods
focused on improving the detection of animals in images and, consequently, enhancing
the overall counting. However, these methods still rely on the heuristic of using the
maximum number of animals detected across images in the sequence as the counting
prediction.

Multi-object tracking provides a natural mechanism for counting animals by as-
sociating detections across images in a sequence, as seen in other domains such as
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pig counting using top-down view cameras [27, 68, 79], fish counting with underwater
cameras in fishways [175], and fish counting in sonar videos [77].

However, the low frame rate of camera trap image sequences – typically just one
frame per second – poses challenges for applying state-of-the-art tracking methods. In
this context, Arshad et al. [8] developed an edge device for monitoring animals, focusing
on deer, including a tracking algorithm for counting. Nevertheless, their approach uses
videos rather than image sequences and lacks evaluation on standard datasets, making
it difficult to assess its effectiveness.

More recently, Schall et al. [127] introduced GorillaWatch, an end-to-end system
integrating detection, multi-object tracking, and individual re-identification for in-the-
wild gorilla monitoring. Their work demonstrates the potential of exploiting temporal
correspondence and individual-level representations for wildlife monitoring and count-
ing. While their work focuses primarily on video sequences of a single species and relies
on re-ID for counting, our approach is complementary: we investigate sequence-level
counting in low-frame-rate camera traps, leveraging tracking as an explicit intermediate
representation for count estimation.

In Chapter 6, we present a strategy built upon a transformer-based tracking
model for counting animals. Specifically, we use a transformer to learn associations
between detections, with the goal of handling challenges inherent to this type of data,
such as low frame rates and large displacements across images. To mitigate the lack of
training labels, we also propose a method for generating a synthetic dataset.

3.5 Edge AI for camera traps

Various studies have investigated the use of intelligent camera traps that embed deep
learning models on board to identify animals directly on the edge [6, 8, 35, 38, 42, 73,
104, 156, 161, 164, 168, 192, 193]. This approach can provide significant advantages.
For example, identifying species on the edge can be useful for issuing real-time alerts
to mitigate human-wildlife conflicts [38] or enable rapid responses to events, such as
poaching or feral cat control programs [138, 161], especially for those cameras connected
to networks with limited bandwidth.

Similarly, embedded models can perform prior image filtering to prevent the trans-
mission of unnecessary images, thereby saving network bandwidth and energy [42, 193].
Filtering can also help save data storage, extending the duration a camera can remain
in the field collecting images without requiring SD card retrieval [161].

Elias et al. [42] developed an IoT system composed of camera traps connected
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to a private network for performing classification and filtering at the edge in order to
reduce network transfer over slow networks by around 70%. However, the model does
not run on the camera, but on a compute node located near the deployment sites in
the private network to which the cameras are connected. Dertien et al. [38] report
the deployment of TrailGuard AI – an AI-enabled onboard camera trap – to monitor
tigers and review use cases of this technology for enabling real-time alerts to mitigate
human-wildlife conflict, filtering the species of interest on-board. Curtin and Matthews
[35] developed a prototype of a low-cost $50.00 camera for wildlife monitoring based
on the Raspberry Pi 3B+, featuring a custom on-board convolutional neural network
to identify snow leopards, humans, or empty images.

AlHammadi et al. [6] use the Forward-Forward (FF) [63] algorithm to train
camera-specific models directly on the camera itself to distinguish between empty and
nonempty images. While FF requires less memory during training compared to back-
propagation, its training time was more than twice as long, and the performance was
4% lower.

Velasco-Montero et al. [161] developed a smart camera trap using a Raspberry
Pi 4B to filter empty images and identify feral cats. They trained a model based on
SqueezeNet [69] and used OpenCV and TensorFlow Lite for inference. To improve
the model performance on-site, they retrained the model directly on-board using back-
ground images captured at the deployment site and synthetic training data generated
from those backgrounds. They report that their approach achieved an F1-score of 10%
higher than MegaDetector.

In a scenario where only predictions and timestamps are transmitted over the
network, Zualkernan et al. [193] evaluate several computer vision architectures for
classifying animal species from camera trap images directly on a Raspberry Pi 4B
connected to a commercial camera trap via a Wi-fi enabled SD card. They also assess
the prediction latency of InceptionV3, their best-performing model, after converting
it to TensorFlow Lite. In a subsequent work, Zualkernan et al. [192] expanded their
analysis by including more architectures and, in addition to Raspberry Pi 4B, embedded
the models on Google Coral and Nvidia Jetson boards, assessing prediction latency,
current consumption, and CPU utilization.

Also using a Wi-Fi-enabled SD card, Whytock et al. [168] connect a commercial
camera trap to a Raspberry Pi that uses an embedded model to classify animals and
transmit alerts over the Iridium satellite network. Nazir and Kaleem [104] investigated
the classification of animal species on a low-power customized camera trap based on the
Raspberry Pi Zero. They used MobileNetV2, EfficientNetV2B0, and MobileViT, along
with explainable AI techniques, to identify relevant areas for classification. Tydén and
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Olsson [156] evaluate object detection models based on SSD [95] on a Raspberry Pi
to recognize animals, focusing on the trade-off between inference speed and accuracy.
However, the image dataset used consists of 4,000 instances spanning only 8 species,
which limits the scope of the conclusions. Jia et al. [73] used Neural Architecture
Search to design a classification model for identifying animal species in camera trap
images on edge devices, achieving accuracies of 95.35% and 81.86% on the NACTI-b
and D3-a datasets, respectively, when tested on the NVIDIA Jetson TX2 board.

In Chapter 4, we consider the scenario where the camera uses an embedded model
to filter certain images – specifically, empty frames – before transmitting them over a
limited network or helping to reduce storage usage.

While most of the works focus on validating an application on an edge device,
our main focus is the trade-off between inference latency and performance, as explored
in the work of Tydén and Olsson [156]. However, we validate our models on datasets
that are 100 times larger. Also, we present a comparative study between classifiers and
detectors of varying complexities and apply model optimization methods.

3.6 Final remarks

In this chapter, we review the literature on multiple aspects of the automated analysis of
camera-trap data. Table 3.1 summarizes the main limitations identified in the literature
and how the proposed approaches address them.

Throughout the literature review on automated camera-trap image processing,
we identified that counting individuals across sequences of images remains challeng-
ing. Existing camera-trap counting solutions have largely relied on heuristics [166]
and classification [107], while recent work has also explored tracking and individual
re-identification [127]. However, existing approaches do not directly address the combi-
nation of multi-species counting, low-frame-rate image sequences, and limited tracking
supervision considered in this thesis. We address this task in Chapter 6.

On the other hand, the species identification task is widely explored in the litera-
ture from various perspectives. However, a major challenge – not only in camera-trap
data but also in real-world problems in general – is the long-tail distribution and how to
improve performance for categories in the tail. We explored state-of-the-art solutions
applied to camera-trap images and proposed a new approach in Chapter 5. We also
identified that, although species identification can benefit from using multiple images in
a sequence to improve predictions, a more systematic study exploring such approaches
is still lacking.
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Table 3.1. Summary of limitations in the literature and how the proposed approaches address them across different camera-trap tasks.

Task Challenge Key Works Prior capability Key limitation Proposed approach

E
m

pt
y

Fr
am

e
F
ilt

er
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g

Performance vs.
latency trade-off

[107, 149,
184]

High accuracy for empty vs.
animal classification

No systematic evaluation
under resource constraints

Systematic analysis of the
accuracy–latency trade-off

Edge deployment [6, 35, 42,
161, 192, 193]

Demonstrate the feasibility
of edge inference

Focus on system validation
rather than model-level op-
timization

Model-level comparison and
optimization for edge de-
ployment

Detector vs.
classifier behavior

[13, 44, 108] Strong performance from
both paradigms

Lack of controlled compari-
son

Direct comparison under
equivalent constraints

Sp
ec

ie
s

C
la

ss
ifi

ca
ti

on

Long-tail
distribution

[12, 18, 102,
107, 130]

Improves tail-class perfor-
mance through re-weighting
and re-sampling strategies

Degrades head-class perfor-
mance or provides limited
gains

SSB framework balancing
tail improvement with min-
imal head-class loss

Long-tail
handling in
practice

[14, 149, 163,
173]

Simplify the problem by re-
moving or grouping rare
classes

Ignores ecologically impor-
tant rare species

Explicit modeling of the
long-tail without discarding
rare classes

Architecture
effectiveness

[107, 130,
149, 163, 173]

CNNs achieve strong per-
formance on camera-trap
datasets

Limited exploration of
transformer-based architec-
tures

Demonstrate strong perfor-
mance of Swin Transformer
without specialized imbal-
ance handling

In
di

vi
du

al
C

ou
nt

in
g

Sequence-level
counting

[11, 136, 166] Practical counting using
bounding-box heuristics

Often assumes a single
species per sequence and
is prone to over- or under-
counting

Counting-by-tracking frame-
work enabling multi-species
predictions across sequences

Lack of tracking
supervision

[127] Tracking based on geometric
and visual feature distances

Large displacements and vi-
sual variation can lead to in-
correct tracks

Synthetic data generation
for training trackers with
learned association modules
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Although the task of filtering empty or blank frames is less complex than the tasks
mentioned above, and solutions based on object detectors such as MegaDetector [13]
have shown satisfactory results, we identified an opportunity to run this task directly
on edge devices. These devices have limited computational resources, and running
large object detectors may be unfeasible. With this in mind, in the next chapter, we
investigate approaches to improve the performance of empty image filtering directly on
edge devices.

Taken together, the literature review reveals three broader challenges that mo-
tivate this thesis: (i) the need for systematic evaluation of camera-trap analysis un-
der realistic computational and annotation constraints; (ii) the challenge of improving
recognition of rare species while preserving performance on frequent classes; and (iii)
the challenge of counting individuals across low-frame-rate image sequences when suit-
able tracking supervision is limited. The thesis addresses these challenges through
systematic evaluation and model-level analysis for resource-constrained deployment,
the Square-Root Sampling Branch (SSB) for long-tailed species classification, and a
counting-by-tracking framework based on learned association and synthetic supervi-
sion for multi-species sequence-level counting.



4

Filtering Empty Camera-Trap
Images in Embedded Systems

In this chapter, we present a comparative study on empty frame detection in camera-
trap images to analyze the trade-off between precision and inference latency on edge
devices. To accomplish this objective, we investigate classifiers and object detectors
of various input resolutions and optimize them using quantization and reducing the
number of model filters.

4.1 Introduction

Monitoring wildlife through camera traps produces a large number of images, a sig-
nificant proportion of which does not contain animals, being later discarded. For
instance, about 75% of the images from the Snapshot Serengeti dataset do not contain
animals [142].

Several studies have investigated the use of deep learning models to recognize
animals in camera trap images [14, 107, 130, 149, 163, 173]. Due to the development
of new technologies for this type of monitoring, embedding models to identify animals
directly in the devices may provide advantages. For instance, in projects whose equip-
ment is connected to a network, prior filtering avoids the unnecessary transmission of
empty images, saving network bandwidth and energy [42]. Another example is tradi-
tional approaches, which usually involve going to the capture points to retrieve cameras
and/or memory cards [153]. In this case, discarding empty images can save data stor-
age, extending the time a camera can stay in the field collecting images without needing
maintenance.

49
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Although there are studies comparing the performance of several modern deep
learning architectures on recognizing animals in camera trap images [107, 130, 163],
there are few studies regarding the trade-off between model performance and inference
latency directly on edge devices [130, 156, 193]. Thus, this chapter presents a compar-
ative study between classifiers and detectors of different complexities running on edge
devices to recognize nonempty images.

Our main findings are as follows:

• Detection models generally outperform classifiers with comparable latency if they
are trained on the same camera trap image set.

• Classifiers can obtain high performance on empty image identification, given the
difficulty of generating labels to train detectors. The performance, however,
depends on the amount of images available for training, as well as on specific
factors that can vary from dataset to dataset.

• Models with a higher input resolution perform better. Their inference latency can
be kept low by reducing the number of model filters at an acceptable performance
cost for the problem.

4.2 Materials and Methods

Two datasets are investigated in this chapter: 1) Caltech Camera Traps; and 2) Snap-
shot Serengeti (SS). These datasets are described below.

4.2.1 Datasets

Caltech Camera Traps [14]: It contains 243,100 images taken from 140 capture
locations in the Southwestern United States. The instances were labeled in 22 cate-
gories, and about 66,000 bounding boxes localizing animals were also provided. For
our experiments, we selected a subset of images from the empty and nonempty classes,
grouping into the nonempty class images from all other categories that have bounding
boxes. Then, the dataset was partitioned into training and validation set according to
the locations recommended in [88]. Moreover, a subset of the training partition was
split, consisting of 20 locations chosen at random, to be used to adjust the training
hyper-parameters (called here validation dev). Due to the fact that some locations
concentrate a large number of images of the empty class, which may lead the models
to be biased in certain backgrounds, we decided to limit to 1,000 instances per location
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the number of empty class instances in both training and validation dev partitions.
Table 4.1 summarizes the number of instances obtained.

Table 4.1. Number of images used from the Caltech dataset. The empty class of training
and validation dev partitions was limited to 1000 instances per location. The nonempty class
is composed of images with bounding boxes from all other categories.

Class Training Val-dev Validation
Empty 8,574 2,824 19,892
Nonempty 32,032 3,877 23,410

Snapshot Serengeti [142]: This dataset currently contains more than 7 million
camera trap images collected over 11 seasons in the Serengeti National Park, Tanzania.
In this work, we use images from the first six seasons in order to keep consistency with
previous works using the Snapshot Serengeti dataset [107, 163, 173]. These images
were divided into training and validation sets according to the locations (SS-Site),
as recommended in [89]. As was done for the Caltech dataset, we have also created
a validation dev split for hyper-parameter adjustment. This partition was obtained
by randomly selecting 23 locations from the training set. In addition to the SS-Site
configuration, we have also performed a partitioning by time (SS-Time) taking into
account that the models could be used in images from new seasons. To generate SS-
Time, the first four seasons were grouped into a training set, while the fifth season was
used as validation dev, and the sixth season as the validation set. Finally, the dataset
was adapted to represent a bi-class problem, where instances from the blank category
were labeled to the empty class and the others were used to compose the nonempty
class. We also balanced the classes for the training partition.

In addition, since there are approximately only 78,000 images from the nonempty
class annotated with bounding boxes, we also perform experiments using subsets of in-
stances (called small), which are balanced for the training and validation dev partitions.
The objective here is to perform a fair comparison between classifiers and detectors
when both are trained using the same number of images. Unless otherwise specified,
the experiments conducted in this work use these subsets with fewer images. Details
about all data partitions of the Snapshot Serengeti dataset investigated in this work
are shown in Table 4.2.



4. Filtering Empty Camera-Trap Images in Embedded Systems 52

Table 4.2. Number of instances used from the Snapshot Serengeti dataset.

Class Training Val(dev) Validation

SS-Site Empty 524,804 278,578 535,817
Nonempty 523,891 84,531 209,183

SS-Site
(small)

Empty 51,281 6,041 535,817
Nonempty 52,081 6,041 209,183

SS-Time Empty 516,635 588,406 383,981
Nonempty 516,630 225,647 75,328

SS-Time
(small)

Empty 43,612 18,957 383,981
Nonempty 44,579 18,957 75,328

4.2.2 Architectures

The MobileNetV2 [124] architecture is a natural choice to be used as a classifier baseline,
since it was designed specifically for computationally limited devices. Besides the
original MobileNetV2 model (input resolution 224× 224), a version with input 320×
320 was also used in our experiments due to the fact that animals can appear very
far from the camera and visually small as a consequence [107]. From the family of
models EfficientNet [150], we chose two versions with input resolutions comparable to
MobileNetV2’s: EfficientNet-B0 (224× 224) and EfficientNet-B3 (300× 300).

For the detectors, we investigate the SSDLite [124] with a MobileNetV2 (320×320
input) as backbone. For the family of detectors using EfficientNets as backbones [152],
we included in our experiments the EfficientDet-D0, which works with an input reso-
lution of 512× 512, the smallest of this group of models.

4.2.3 Implementation Details

Image preprocessing for classification: We chose a standard procedure for image
preprocessing. Initially, a random rectangular crop of the image is applied with aspect
ratio and area sampled in [3/4, 4/3] and [65%, 100%], respectively. Then, each image
is scaled to the input size of each architecture and a horizontal flip is applied with
50% probability. Next, we apply data augmentation using RandAugment [31] with
parameters N = 2 and M = 2. Finally, the pixel values of the image are scaled in [−1, 1]
for MobileNetV2 and in [0, 1] for EfficientNets. During validation, the preprocessing
consists of only image resizing and pixel scaling depending on the architecture.

Classifiers training procedure: Each model was initialized with ImageNet
pre-trained weights and then trained during 10 epochs using the Stochastic gradient



4. Filtering Empty Camera-Trap Images in Embedded Systems 53

descent (SGD) on an NVIDIA GeForce GTX 1080 Ti graphics card. The initial learning
rate was 0.01 for a batch size of 256 and scaled linearly according to the batch size
effectively used, which varied according to the model due to the graphics card limited
memory, as shown in Table 4.3. The learning rate was linearly increased from 0 to the
initial rate during 30% of the steps of the first epoch and then reduced using the cosine
decay scheduling, as suggested by He et al. [58].

Table 4.3. Batch size and initial learning rate used for each classifier. The initial learning
rate is scaled linearly according to the batch size b, defined by 0.01× b/256.

Architecture Batch size Learning rate
MobileNetV2 (224) 128 0.005
MobileNetV2 (320) 64 0.0025
EfficientNet-B0 32 0.00125
EfficientNet-B3 16 0.000625

Detectors training procedure: Both detectors were initialized with weights
pre-trained on COCO [93] and then trained on each dataset using the Tensorflow
Object Detection API [67]. We have used the standard training procedure for each
detector, besides 32 and 8 as batch size for SSDLite+MobileNetV2 and EfficientDet-
D0 respectively. The learning rate and the number of training epochs were adjusted
according to the performance measured on the validation dev partition. These values
are shown in Table 4.4.

Table 4.4. Training hyperparameters for detectors. The same hyperparameters were used
for both time and site partitioning of Snapshot Serengeti (SS).

Model Dataset Learning
rate

Training
steps

SSDLite+MobileNetV2 Caltech 0.008 12,000
SS 0.004 36,000

EfficientDet-D0 Caltech 0.008 50,000
SS 0.001 150,000

4.2.4 Evaluation Procedure

In order to compare detectors and classifiers, predictions related to the bounding box
coordinates were ignored. Thus, only the detection confidence value that represents
the class with the highest score was used as the detected label.
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Taking into account that the confidence threshold can be adjusted to avoid
nonempty images discarding, we decided to use the precision-recall curve as a graphical
tool to compare the general performance of the models considering all possible thresh-
olds. To compare the models effectiveness when discarding empty images, i.e., the true
negative rate (TNR), the confidence threshold of each model was adjusted so that the
recall for nonempty images was set to 96% – a value reached by models investigated
in [107].

We used a Raspberry Pi 3 model B running Raspbian GNU/Linux 10 as a ref-
erence edge device to assess the models’ latency. The models were converted to the
TensorFlow Lite format without quantization and their latency was calculated using
the native benchmark tool provided by TensorFlow1. The reported latency values were
calculated as the average over 50 runs for each model. Additionally, we also evaluate
the models version obtained as a result of post-training quantization [71]. In this sce-
nario, a subset of 500 training instances was employed to calibrate the operations to
work with the integer type, while maintaining model inputs and outputs as floating
point to keep the original model interface.

4.3 Experimental Results

4.3.1 Classifiers vs. Detectors

In order to compare the performance of classifiers and detectors as fairly as possible,
the models were trained using subsets composed by instances of the nonempty class
annotated with bounding boxes. Despite of the fact that these subsets were generated
using a much smaller amount of the total images available for classification, leading
to possible sub-optimal models, this number of instances can provide a more realistic
perspective of the problem. Indeed, as pointed out by Schneider et al. [130], the vast
majority of small-scale research projects focused on camera trap do not have a large
amount of labeled images.

Results: Figure 4.1 shows the precision-recall curves of the investigated mod-
els for each dataset. As expected, detectors outperformed classifiers in all datasets,
especially Caltech. Considering a confidence threshold producing 96% of recall,
EfficientDet-D0 was able to eliminate more than twice as many empty images when
compared to the classifiers using Caltech dataset. In terms of SSDLite+MobileNetV2,
it also obtained a significantly higher true negative rate (at least 19% in absolute val-
ues), as reported in Table 4.5. The scenario is quite similar for the Snapshot Serengeti

1https://www.tensorflow.org/lite/performance/measurement

https://www.tensorflow.org/lite/performance/measurement 
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dataset, since detectors also outperformed classifiers by a significant margin (at least
8% of precision). Figure 4.2 shows some images to illustrate the results attained in our
experiments.
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Figure 4.1. Precision-recall curve for the nonempty class. Detectors reached higher perfor-
mances, with wider advantage on the Caltech dataset.

Table 4.5. Comparison of precision for the nonempty class and the true negative rate (TNR)
where the confidence threshold of each model was adjusted to achieve a recall of 96% on the
nonempty class. The reported CPU latency corresponds to the Caltech dataset, but it is simi-
lar to the others, being calculated from the average of 50 runs. The true negative rate indicates
the percentage of images without animals that would no longer be stored unnecessarily.

Caltech SS-Site SS-Time
Model CPU Precision TNR Thresh. Precision TNR Thresh. Precision TNR Thresh.

Efficientnet-B0 801ms 60.26% 25.50% 0.355 50.32% 63.00% 0.153 33.08% 61.90% 0.159
Efficientnet-B3 3205ms 56.42% 12.75% 0.305 57.21% 71.97% 0.155 39.27% 70.87% 0.170
MobileNetV2-224 324ms 58.60% 20.18% 0.228 57.72% 72.55% 0.188 30.51% 57.11% 0.126
MobileNetV2-320 638ms 58.58% 20.13% 0.239 62.84% 77.84% 0.191 35.74% 66.13% 0.147
SSDLite+MNetV2 838ms 67.03% 44.42% 0.166 75.32% 87.72% 0.167 47.14% 78.89% 0.147
Efficientdet-D0 4686ms 73.31% 58.86% 0.148 79.14% 90.12% 0.150 47.35% 79.06% 0.143

The poor classifier performance on the Caltech dataset can be due to several
factors, such as the low variability of backgrounds, the size of animals, camouflage,
quality of images, among others. However, our experiments were not designed to
identify these nuances intrinsic to this dataset. On the other hand, this may be an
interesting topic to be investigated in future work.

Latency-precision trade-off: Table 4.5 shows the latency for the inference
of each model. Although EfficientDet-D0 offers a strong baseline for the problem,
its latency is more than four seconds, which is prohibitive because camera trap im-
ages are usually obtained within one second between them. In this context, SS-
DLite+MobileNetV2 may be deemed to attain superior performance since its latency
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Figure 4.2. Sample classification results reached by the investigated models highlighting
their confidence for the nonempty class. The top row depicts images from the Caltech dataset
and the bottom row from the Snapshot Serengeti dataset. The first column depicts instances
of the empty class while the remainder are nonempty images with the animals highlighted.

is below one second and it eliminated at least 10% more images than the classifiers
with comparable latencies.

4.3.2 Training with more Images

A common way to improve model performance is to use more training instances [81].
Following this strategy, an experiment was carried out to train the classifiers using
the subsets of the SS dataset. This dataset contains ten times more images than
the one used in the previous experiment. Figure 4.3 and Table 4.6 summarize the
results attained in this scenario. The results indicate that classifiers outperformed
detectors. We can highlight that MobileNetV2 (224) reached performance similar to
SSDLite+MobileNetV2, with less than half of inference latency though. It is important
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to note, however, that all detectors were trained using data subsets from the previous
experiment. Therefore, in order to provide a fair comparison, a similar amount of
training instances used to train the classifiers should be used to train the detectors.
On the other hand, obtaining more annotated instances for the detection problem is
expensive. This is the reason we do not show results using the same dataset for training
classifiers and detectors. However, we can conclude based on the results obtained in
this experiment that, depending on the number of labeled instances available, classifiers
can be a viable option for the problem of identifying empty images, also showing better
efficiency in terms of computational resources.
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Figure 4.3. Precision-recall curve for the nonempty class of classifiers trained in sets with
ten times more images from the SS dataset. The curves of the detectors refer to the models
trained on the original smaller set. Best viewed in color.

Table 4.6. Comparison of precision for the nonempty class and the true negative rate (TNR),
with a recall at 96%, for classifiers trained in sets with ten times more images from the SS
dataset. Note the significant improvement in the performance of the classifiers, exceeding by
a large margin the detectors trained in the original set.

SS-Site SS-Time
Model Precision TNR Precision TNR

Efficientnet-B0 73.92% 86.78% 48.81% 80.25%
Efficientnet-B3 87.67% 94.73% 64.28% 89.54%
MobileNetV2-224 75.18% 87.63% 49.12% 80.50%
MobileNetV2-320 82.89% 92.26% 58.61% 86.70%
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4.3.3 Model Optimization

It is possible to observe from the results shown in previous sections that models dealing
with higher image input resolutions achieved higher performance but at the expense
of higher inference latency. In order to reduce latency of these models, we performed
an experiment using the SS dataset and MobileNetV2 (320). In this experiment, the
number of filters was reduced by adjusting the alpha parameter. We also evaluated the
post-training quantization of the models. Since the swish activation function used by
EfficientNets is not very well supported for quantization [177], models of this family
were not used here. In addition, models evaluation was carried out on a sample of 5,000
instances obtained from the validation set, because the TensorFlow Lite quantized
models are not optimized for inference on x86 architectures and graphics cards used
for training.

The results shown in Figure 4.4 reinforce the role of input resolution, since a Mo-
bileNetV2 with half the filters (MobileNetV2-0.50) but higher resolution (320) obtained
overall performance superior to the performance of the standard model (MobileNetV2
(224)). In Table 4.7, we may observe that it is possible to reduce about 23% of model
latency due to both quantization (SS-site) and number of filters reduction (SS-time),
maintaining compatible performance. It is worth mentioning that the quantized ver-
sion of the SSDLite + MobileNetV2 detector did not obtain good results at the 96%
recall level used. These results indicate the importance of assessing the performance of
the models after quantization, especially when the confidence threshold is adjusted at
certain levels. One way to avoid this problem would be quantization-aware training.

Table 4.7. Performance comparison of MobileNetV2 models for various widths on the SS
dataset. The models were converted to TensorFlow Lite and evaluated using a sample of 5,000
instances randomly chosen from the validation set.

SS-Site SS-Time
Model CPU Memory Precision TNR Precision TNR

MobileNetV2-224
Float 322ms 22.7MB 58.20% 73.07% 25.67% 45.33%
Int8 237ms 9.3MB 55.52% 69.99% 26.18% 46.74%
Int8 (quant aware) 239ms 9.8MB 57.31% 72.10% - -

MobileNetV2-0.50-320 Float 259ms 19.7MB 54.86% 69.15% 27.76% 50.86%
Int8 237ms 9.6MB 51.50% 64.70% 26.67% 48.09%

MobileNetV2-0.75-320
Float 484ms 19.8MB 64.89% 79.72% 31.37% 58.71%
Int8 408ms 13.3MB 59.50% 74.49% 30.44% 56.87%
Int8 (quant aware) 413ms 13.4MB 61.38% 76.41% - -

MobileNetV2-320 Float 635ms 33.5MB 66.65% 81.25% 30.34% 56.65%
Int8 485ms 13.9MB 66.70% 81.28% 30.98% 57.95%

SSDLite+MobileNetV2 Float 840ms 31.7MB 73.68% 86.62% 39.50% 71.09%
Int8 575ms 13.6MB 36.83% 35.72% 19.27% 20.90%
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Figure 4.4. Latency vs. area under the precision-recall curve (PR AUC) for various versions
of MobileNetV2 in the SS. The results refer to the models converted to TensorFlow Lite
(floating point and integer) and evaluated in a subset of 5,000 test instances. Best viewed in
color.

To assess this, we fine tuned the models MobileNetV2-224 and MobileNetV2-
0.75-320 trained on SS-Site using quantization-aware training for 2 epochs with the
initial learning rate divided by 10. In this case, we were able to improve the results
of the quantized versions, as shown in Table 4.7. Unfortunately, we were not able to
assess SSDLite in the same way due to the fact that Tensorflow Object Detection API
did not support quantization-aware training for TF2 at the experiments’ time.

Although the focus of this work is the latency-precision trade-off, we also mea-
sured the memory usage of each model, as shown in Table 4.7. Quantized models have
a significant reduction in memory usage compared to the floating point models. How-
ever, when observed the amount of RAM available on Raspberry Pi (1GB), the memory
required by the most complex model is very low (33.5MB), therefore, not affecting the
performance of other processes that may be running on the device.

4.3.4 Threats to Validity

Several factors should be considered when interpreting the results presented in this
chapter. Regarding internal validity, the experiments were designed to control po-
tential sources of bias, including limiting the number of empty images per location
in the Caltech dataset and using the same training subsets when directly comparing
classifiers and detectors. However, the availability of training data differs across some
experiments, particularly because obtaining bounding-box annotations for detectors is
more costly. Thus, differences in training data may contribute to the observed per-
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formance differences. Regarding external validity, the experiments were conducted on
the Caltech Camera Traps and Snapshot Serengeti datasets, with spatial and temporal
splits used to assess generalization to unseen locations and seasons. Nevertheless, the
results may not generalize to other geographic regions, wildlife species, camera config-
urations, or environmental conditions. Moreover, latency measurements were obtained
on a Raspberry Pi 3 Model B and may differ on other edge devices or hardware con-
figurations.

4.4 Final Remarks

In this chapter, we presented a comparative study between detection and classification
models in the context of identification of nonempty images of animals on edge devices.
Our results showed that detection models outperform classifiers when both are trained
using the same training set, but their higher inference latency can limit their use on
edge devices. This work resulted in the publication of “Filtering Empty Camera Trap
Images in Embedded Systems” [33] in the Mobile AI Workshop and Challenges (MAI)
of CVPR 2021.

Moreover, depending on the dataset, it is possible to train classifiers to obtain
satisfactory results, especially when there is massive number of images available, as in
the Snapshot Serengeti dataset. When detector is essential, e.g. Caltech dataset, but
the model’s latency is not within the design requirements, it may be necessary to use
hardware accelerators, such as EdgeTPUs or DSPs. Another limitation to detectors is
the difficulty on obtaining new instances annotated with bounding boxes, which is time-
consuming and expensive. In this situation, one possibility is to use techniques tackling
few or no labels, such as semi-supervised learning and self-supervised learning. Other
alternative is training an agnostic detection model designed to run on edge devices,
inspired by MegaDetector. Regarding the optimization strategies evaluated, the post-
training quantization proved to be effective, but it requires a careful evaluation of the
resulting model, which may decrease its performance due to the quantization process.
However, quantization-aware training may solve this issue. Finally, using models with
fewer filters but with higher resolution was also effective. Therefore, techniques such
as knowledge distillation and model pruning are interesting directions for future work.

In this chapter, we handled the filtering of empty images considering a two-stage
approach, where in the first stage a binary classifier distinguishes empty from nonempty
images, leaving the species identification to the second stage. In the next chapter, the
empty class is incorporated directly into the species classifier as just another category.
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As previously highlighted, empty images usually represent the majority category in
camera-trap datasets, with the remaining species categories exhibiting a highly imbal-
anced, long-tail distribution. While we balanced the Snapshot Serengeti dataset in this
chapter to better handle the filtering task, in the next chapter, we keep the original
dataset distributions. In fact, the next chapter treats this extreme imbalance as an
inherent characteristic of camera-trap data, focusing on improving performance under
this constraint.
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SSB: Square-Root Sampling Branch

In this Chapter, we propose a simple and effective framework called Square-Root Sam-
pling Branch (SSB) to improve long-tail visual recognition of animal species in camera-
trap images. We systematically evaluate it against state-of-the-art methods for han-
dling this task: square-root sampling, class-balanced focal loss, and balanced group
softmax.

5.1 Introduction

One major problem with camera-trap data is the extreme imbalance among categories
as shown in Figure 5.1, in which some species have many images while others have just
a few, following a long-tail distribution. As reinforced by Schneider et al. [130], models
generally achieve poor recall scores for species with fewer training images, although
these rare species are often the ones of greatest interest to ecologists.

Many works in the literature on machine learning have proposed techniques for
addressing the long-tailed issue, such as re-sampling the data [76], re-weighting the
loss [32], or creating multiple branches in the networks [22, 87, 189]. Despite this,
most of the works for classifying animal species in camera-trap images do not apply
any method for handling long-tail classification. Some works remove the tail classes
[163, 173] or group them into generic categories [193].

Based on the empirical observation that square-root sampling [76] was the method
that most improved the performance of the tail classes in our preliminary experiments,
though at the cost of strongly degrading the head classes, in this chapter a framework
called Square-root Sampling Branch (SSB) is proposed, which combines the predictions
of two classification branches: one trained using square-root sampling and the other
one trained without any additional method for long-tail classification.

62



5. SSB: Square-Root Sampling Branch 63

Sorted category index
100

101

102

103

104

105

106

In
st

an
ce

 n
um

be
r

Dataset
Snapshot Serengeti
WCS
Caltech CT
Wellington CT

Figure 5.1. The number of instances per category observed in the camera-trap datasets used
in this work follows a long-tail distribution. Categories are sorted by the number of instances
in the training set and aligned among datasets for better visualization.

As the contributions, we can highlight:

• The proposal of a simple and effective framework called Square-root Sampling
Branch (SSB) for long-tail visual recognition, which achieves a better trade-off
as it improves performance in tail classes at a low cost of head classes’ accuracy
when compared to the state-of-the-art methods.

• New baselines in camera-trap datasets are established using training/test parti-
tioning that is based on locations by combining the most recent training tricks
with both traditional architectures, such as ResNet-50, and newer ones such as
Swin Transformer.

• Our experiments show that Swin Transformer can achieve excellent results in
camera-trap datasets even without using any additional method for handling the
long-tail issue.

5.2 Materials and Methods

Our methodology was built to assess the effectiveness of our proposed SSB framework
in improving the recognition performance in the tail classes and comparing it with
methods available in the literature. First, a strong baseline was trained with several
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recent training tricks available in the literature. Then, each long-tail method was
applied and evaluated using appropriate metrics to assess long-tail performance. To
reach a more general conclusion, the performance of the methods on four long-tail
camera-trap datasets with different characteristics and four families of computer vision
models were evaluated.

In this section, the datasets, the chosen computer vision architectures, and the
baseline training procedure are described. Then, the families of methods for long-
tail recognition and the selected methods used in this work are presented. Finally, a
description of our proposed SSB framework is given.

5.2.1 Datasets

This subsection describes the four camera-trap datasets used in this study: Snapshot
Serengeti, Caltech Camera Traps, WCS Camera Traps, and Wellington Camera Traps.
These datasets were obtained from different regions around the globe and have dif-
ferent characteristics, such as the number of training instances, imbalance factor, and
available species. While annotations for these datasets are provided for bursts (i.e., a
sequence of images), we assign each image the label inherited from its burst annota-
tions during the training process. However, this approach may result in mislabeling,
especially when the animal appears in only a few images within a burst. Since manual
verification was not feasible due to the large amount of images in the datasets, the data
was used as provided, as has been done in prior studies [107, 163].

Nonetheless, it is important to note that the recommended approach is to have
annotations at an image-level, as this provides more accurate training data. Follow-
ing the recent recommendations, the datasets were split into training/validation/test
partitions based on camera locations to better assess the models’ generalization. Ad-
ditionally, images were removed from all classes which, due to the location-based split,
do not have instances in the training or test partitions. Images containing more than
one species as well as corrupted pictures were also removed. Table 5.1 summarizes the
number of images used from each dataset in this work. All of these datasets follow a
long-tail distribution, as shown in Figure 5.1, in which a few classes (head) concentrate
most of the instances and the remaining classes have just a few samples in comparison.

Snapshot Serengeti [142] This dataset is composed of more than 7 million images
obtained from 225 locations spread across the Serengeti National Park in Tanzania,
and is divided into 11 seasons. To maintain consistency with the literature, only the
first six seasons are used in this work. The recommended training/validation partitions
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Table 5.1. Number of images and locations per partition used from each dataset.

Training Validation Test
Dataset Classes # loc # instances # loc # instances # loc # instances
Snapshot Serengeti 47 156 1,059,793 23* 360,317 46* 738,404
Caltech CT 19 80 122,693 20* 57,162 40* 61,665
WCS 247 2,506 599,040 313 79,906 314 62,734
Wellington CT 14 111 160,937 36 49,127 35 55,424
* As long as there are no official test sets for Snapshot Serengeti and Caltech CT datasets, their recommended

validation sets were used as the test sets in this work. For these datasets, validation sets (which were called
minival) were held out from their respective training sets following the locations selected in Chapter 4.

based on locations were used [89], with the validation set being used to evaluate the
models. To adjust the hyperparameters, a mini-validation (minival) partition was held
out from the training set using the locations selected in Chapter 4. Specifically for this
dataset, given that images from empty bursts (background or blank) are near identical,
only one picture was picked at random from each empty burst. This also helps to keep
a tractable number of images to train the models. In total, approximately 2 million
pictures distributed in 47 categories were used.

Caltech Camera Traps [14] This dataset is composed of approximately of 240,000
images from 140 locations in the southwestern United States. The recommended
location-based training/validation partitions were used [88], and, as for the Snapshot
Serengeti, the validation set was used for testing, and a mini-validation partition was
created from the training set for hyperparameter adjustment based on locations se-
lected in Chapter 4.

WCS Camera Traps [90] This dataset is provided by the Wildlife Conservation
Society, and it is composed of 1.4 million images of around 675 species from 12 countries,
thus making it one of the most diverse datasets publicly available. In our experiments,
the recommended training/validation/test partitions based on locations were used.
However, since some locations were not allocated to any partition, images from them
were not used. The generic unknown categories and those not related to animals, such
as misfire, start, and end were also manually removed. As images from classes without
instances in training or testing sets were also removed, the resulting selected subset is
composed of images from 247 categories.

Wellington Camera Traps [7] This dataset is originally composed of around 270,000
images collected from 187 camera locations in the Wellington region of New Zealand.
The training/validation/test proposed by Shashidhara et al. [135] was used. Images
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marked as unclassifiable were removed, in addition to images from the categories not
present in the training or test partitions, thus resulting in a dataset of around 265,000
images from 14 categories. Unlike the other datasets, where the empty class is the
majority category, in this dataset the empty class has the second-largest number of
instances – with the generic bird category appearing three times more frequently.

5.2.2 Architectures

Four popular computer vision architectures with different purposes and characteris-
tics were chosen to assess whether long-tail classification methods work well on differ-
ent backbones: ResNet-50 [57], MobileNetV3-Large [65], EfficientNetV2-B2 [151], and
Swin-S [96]. First, ResNet-50 was selected because it is the most common baseline
for almost any method in computer vision. As using computer vision models directly
on edge devices for processing camera-trap data has gained attention in the literature
[33, 42, 192, 193], MobileNetV3-Large was chosen as a benchmark for this situation.
For the state-of-the-art families of EfficientNet [150] and Swin Transformer [96] models,
lightweight versions – EfficientNetV2-B2 and Swin-S, respectively – were chosen, since
most of the camera-trap practitioners usually do not have access to powerful computers
to run big models [130].

5.2.3 Baseline training settings

As shown in several works [17, 58, 171], improved training strategies are responsible for
significant gains in the accuracy of classical architectures such as ResNet-50. Following
these ideas, several tricks were included in our baseline training procedure, and these
are described below.

Image preprocessing Initially, all images were resized so that the largest dimension
was at most 768 px, and the smallest one was at least 450 px. During training, first,
a rectangular region of aspect ratio sampled in [3/4, 4/3] and area in [65%, 100%] was
randomly cropped and resized to the input size of the architecture. Next, the image
was flipped horizontally with a 50% probability. Then, RandAugment [31] was used
with parameters N = 2 and M = 9. Finally, the image was rescaled to match the
input scale of each architecture, as shown in Table 5.2. During the evaluation, the
preprocessing consists only of resizing the image to the input architecture size and
rescaling.
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Table 5.2. Input scaling procedure for each architecture.

Architecture Scaling Procedure
ResNet-50 Convert from RGB to BGR, zero-center w.r.t. the ImageNet

dataset, without scaling
MobileNetV3-Large Pixels between 0 and 255 (model includes preprocessing

layer)
EfficientNetV2-B2 Scale pixels between -1 and 1
Swin-S Scale pixels between 0 and 1, normalize w.r.t. the ImageNet

dataset

Training procedure The models were initialized with ImageNet pre-trained weights,
replacing the classifier layer, and, then, were trained with a batch size of 64 for 30
epochs when fine-tuning the whole model or for 12 epochs when training only the
classifier layer. The AdamW optimizer [100] was employed for training with an initial
learning rate of 10−5 and weight decay of 10−7. The learning rate was linearly warmed
up from 0 to the initial value for two epochs when fine-tuning – one epoch when training
only the classifier –, and then decayed to 0 using the cosine schedule [58].

5.2.4 Training approaches for long-tail visual recognition

To achieve more general conclusions, we performed a systematic study using state-of-
the-art methods for handling the long-tail visual recognition problem. As described
in Section 2.6, we grouped them into four main families according to their focus: re-
sampling the data, re-weighting the loss, using two stages to focus on representation
learning, and creating multiple branches in the network, selecting one method from
each family to run our experiments. Figure 5.2 illustrates a functional summary of the
model training process, highlighting the stages where each method studied in this work
operates.

For representing the re-weighting methods, we selected the square-root resam-
pling [76, 187] by setting q = 1/2 in Equation 2.3, as this approach returns a less
imbalanced dataset. For the re-weighting methods, we used the Class-Balanced Focal
(CB-Focal) loss, which is a combined version of Focal loss and Class-Balanced loss. In
our experiments, we set the hyperparameters β to 0.9 and γ to 2.0. In our experiments,
we also compare one-stage and two-stage training strategies. In the one-stage approach,
the balancing method is applied end-to-end, while in the two-stage method [76], the
model is initially trained using the original unbalanced training distribution. Then,
only the classifier is trained using a balancing method, such as re-weighting or re-
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Figure 5.2. Schematic diagram of model training process. Each method studied in this work
operates at one or more stages: re-sampling methods change the sampling strategy (a), re-
weighting methods modify the loss function (d), methods using multi-branch networks modify
the model structure (c), and two-stage training methods operate by selecting which model
weights (c) are trained at each stage. Our proposed SSB method operates by changing both
the sampling strategy (a) and the model structure (c). Additionally, cropping images before
classification is performed at the image preprocessing stage (b).

sampling. Among the various multi-branch network approaches available in the liter-
ature, we included BAGS [87] in our experiments.

The method of using an object detector to crop regions of interest from camera-
trap images before classifying them was also included in our experiments. Despite
not dealing directly with the imbalance problem, it has been shown in the literature
[13, 131] that this trick improves the recognition score in camera-trap images. In
our experiments, we used MegaDetectorV4 [13] to generate bounding box predictions,
considering only those with a confidence score higher than 0.61; otherwise, the entire
image was used. In this operation, we applied a squared crop around the bounding
box with the highest confidence, executed before the random crop operation in the
preprocessing pipeline (subsection 5.2.3).

5.2.5 SSB: Square-root Sampling Branch

Our proposed framework is a multi-branch network approach that was inspired by
an empirical observation in our preliminary experiments: the square-root sampling
strategy was the method that most improved the accuracy of the tail classes over the
baseline; however, at the cost of significantly decreasing the performance of the head

1The threshold of 0.6 was selected based on the top-performing solutions from the iWildCam 2020
and iWildCam 2021 challenges, which used MegaDetector to generate cropped regions and found this
threshold to be effective.
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classes. The question to answer is: is it possible to combine the Square-root Sampling
Branch (SSB) predictions with the baseline to improve the tail classes with minimal
performance degradation for the head classes?

As illustrated in Figure 5.3, the proposed framework is trained in a two-stage
fashion. First, the classifier (fi) and the backbone are trained jointly using the original
data distribution (instance-based sampling). For the second stage, the network back-
bone is frozen and the classifier is replaced by a new randomly initialized one. Then,
this new classifier (fsqrt) is trained using data sampled by the square-root sampling
strategy. Both classifiers are connected on top of the backbone during the inference.
Their predictions are aggregated by masking the softmax outputs to keep only the head
classes probabilities from the fi head and the remaining classes probabilities from the
fsqrt head.

The C classes were divided into four groups based on the number of training
instances, in which a class j with nj instances belongs to group Gk if slk ≤ nj < shk.
The limits of each group are set to (0, 10), (10, 102), (102, 103), and (103,+∞) following
the approach adopted by BAGS [87]. However, SSB does not have a special group for
the background class, with this class belonging to the group G4. Given a feature
vector h generated by the backbone and the predictions pi = fi(h) and psqrt = fsqrt(h)

generated by each classification head with softmax, the final remapped prediction vector
pr is given by:

pr = fr(pi, psqrt) = Qpi + (1−Q)psqrt, (5.1)

where Q is a matrix C × C that masks the softmax outputs based on which group a
class belongs to:

Q =

qa,b|qa,b =

1 if a = b and the class a ∈ G4,

0 otherwise.

 . (5.2)

As with BAGS post-processing, the final prediction vector produced by SSB is not a
real probability vector because its sum is not equal to 1.

5.3 Experiments and Results

Our experiments were broken down into three main series. In the first, our proposed
method SSB is compared to three two-stage methods for long-tail problems, as well as
the baseline. In the second series, the same methods are compared, but using cropped
images as inputs instead of the entire images. Finally, in the third series, SSB is
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Figure 5.3. Framework of our Square-root Sampling Branch (SSB). It is trained in two
stages. In the first stage, the classifier (fi) and the backbone are jointly trained using the
original data distribution. In the second stage, a new classifier (fsqrt) is trained using square-
root sampling and the backbone trained in the first stage is kept frozen. During the inference,
predictions from both classifier heads are aggregated by masking the classes to keep the head
classes probabilities of fi and the remaining classes probabilities of fsqrt.
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compared to single-stage training methods. The results presented in this section were
obtained using the test sets specified for each dataset in Table 5.1.

5.3.1 Comparison between SSB and two-stage methods for

long-tail visual recognition

In the first experiment, the effectiveness of our proposed SSB method when using the
full image as input for the training and testing stages was evaluated. As our proposed
method is trained using a two-stage strategy, in this experiment, only the results with
two-stage training methods were compared. Initially, each architecture was trained
using our baseline training settings, and then each long-tail method was applied to the
classifier layer, though keeping the backbone frozen during the second-stage training.
This allows a fair comparison between the methods in terms of the representation
learned by the backbone.

The accuracy results are shown in Table 5.3. The proposed SSB consistently
improved accuracy for Bin1, Bin2, and Bin3 when compared to the baseline for almost
all cases, with a minimal loss in the head class accuracy (Bin4), and achieved the best
or the second-best accuracy per bin for most of the cases. The best results for Bin1,
Bin2, and Bin3 were achieved by the square-root sampling, with an improvement
ranging from 3% to more than 15% over the baseline. However, such an improvement
came at the cost of reducing the accuracy of the majority classes (Bin4) by at least 3%.
This aspect may be observed in the overall accuracy, since the square-root sampling
achieved the worst results among all the methods. On the other hand, BAGS achieved
the best overall accuracy results for some cases; while, in others, it even reduced the
accuracy for the tail classes compared to the baseline. All methods, however, failed to
improve the performance on tail classes (Bin2) for the smaller datasets (Caltech and
Wellington). In this case, accuracies were close to zero.
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Table 5.3. Comparison between SSB accuracy with different methods for long-tail classification of different models and datasets when
using the entire image as the input. Bold and underlined values, respectively, indicate the best and second-best result for each model and
dataset combination. Acci is the top-1 accuracy for the Bini. As some category bins do not occur in some of the datasets, in this case, the
corresponding column was removed.

WCS Snapshot Serengeti Caltech CT Wellington CT
Model Training Acc1 Acc2 Acc3 Acc4 Accall Acc2 Acc3 Acc4 Accall Acc2 Acc4 Accall Acc2 Acc3 Acc4 Accall

ResNet-50

Baseline 0.00 13.05 32.06 85.02 81.53 2.90 44.82 92.96 92.79 0.00 44.95 42.19 0.0 4.58 75.66 72.23
Sqrt-Samp 16.25 28.94 48.98 75.38 73.47 6.52 51.58 87.29 87.16 0.00 39.59 37.16 0.0 10.65 70.91 68.01
CBFocal 5.00 14.42 40.61 83.41 80.43 0.72 38.66 92.88 92.69 0.00 44.47 41.74 0.0 4.84 75.12 71.73
BAGS 16.25 14.19 34.84 84.43 81.14 9.42 41.27 93.12 92.94 1.56 48.04 45.19 0.0 25.92 75.00 72.64
SSB (Ours) 15.00 21.79 40.97 84.85 81.91 5.07 48.16 92.91 92.75 0.03 46.09 43.26 0.0 5.51 75.62 72.24

MBNetV3

Baseline 0.00 11.92 36.52 84.24 80.98 2.17 29.78 92.73 92.52 0.00 46.14 43.31 0.0 5.70 75.65 72.28
Sqrt-Samp 7.50 28.26 46.85 76.71 74.61 4.35 43.95 87.62 87.47 0.16 37.76 35.45 0.0 21.68 70.45 68.10
CBFocal 0.00 9.19 36.98 79.41 76.42 0.72 29.78 92.44 92.23 0.00 41.27 38.74 0.0 4.58 74.94 71.55
BAGS 10.00 10.44 28.68 84.09 80.48 5.07 28.78 92.19 91.97 0.00 43.96 41.26 0.0 23.41 74.02 71.58
SSB (Ours) 1.25 20.32 40.43 83.99 81.04 3.62 36.97 92.72 92.53 0.11 45.93 43.12 0.0 13.54 75.34 72.36

EffV2-B2

Baseline 0.00 10.22 32.31 86.35 82.75 2.90 53.71 93.82 93.68 0.08 56.36 52.91 0.0 5.70 77.11 73.67
Sqrt-Samp 10.00 22.36 50.34 78.24 76.12 6.52 59.25 90.46 90.35 0.00 51.15 48.01 0.0 8.06 74.14 70.95
CBFocal 0.00 4.20 35.55 87.20 83.62 0.00 46.51 94.51 94.34 0.00 57.36 53.83 0.0 4.09 77.31 73.78
BAGS 1.25 7.15 32.99 87.01 83.37 7.25 51.45 94.77 94.62 0.26 58.88 55.28 0.0 30.05 76.00 73.79
SSB (Ours) 7.50 18.39 42.39 86.18 83.17 5.80 55.96 93.81 93.67 0.08 59.82 56.15 0.0 6.75 77.01 73.62

Swin-S

Baseline 8.75 37.12 62.99 90.86 88.76 10.87 60.42 95.09 94.97 4.17 68.94 64.96 0.0 7.61 78.94 75.51
Sqrt-Samp 16.25 44.84 67.22 83.49 82.13 13.04 64.85 89.08 88.99 1.08 64.95 61.02 0.0 13.09 76.54 73.48
CBFocal 0.00 25.09 56.57 90.32 87.78 4.35 53.71 94.97 94.82 3.78 69.61 65.57 0.0 5.44 78.49 74.98
BAGS 6.25 21.68 52.33 90.08 87.32 15.22 52.32 94.81 94.67 3.67 66.01 62.18 0.0 19.65 78.62 75.78
SSB (Ours) 16.25 40.18 64.91 90.65 88.69 11.59 61.94 95.05 94.93 1.08 67.57 63.49 0.0 7.16 78.86 75.41



5. SSB: Square-Root Sampling Branch 73

In terms of the macro-averaged F1-score, SSB achieved a score that was higher
than the other methods for most datasets and architectures, as shown in Figure 5.4. For
all the datasets, the Swin-S trained with the baseline settings attained the best macro
F1-score among all architectures, with Swin-S trained with SSB having the second-best
result. Figure 5.5(a) shows the increment/decrement of the F1-score class-wise over
the baseline for ResNet-50 in the WCS dataset after applying each long-tail method.
SSB is the method with the most consistent increment in terms of F1-score across
classes for ResNet-50. Figure 5.5(b) shows that the decrease in F1-score for the Swin-S
is generalized over all classes, with SSB being the method that lowers the F1-score the
least.

5.3.2 Comparison between methods when using cropped

images

In this experiment, an assessment was made to see whether using an object detector
before classifying an animal can improve the recognition score for the tail classes. The
same settings from the previous experiment were used, except for using MegaDetec-
torV4 to generate cropped regions around animals as inputs, though reverting back to
the whole image when the confidence score was less than 0.6. For the pre-cropping
experiments, the Snapshot Serengeti dataset was not used due to the time required
to generate bounding boxes with MegaDetectorV4 and run the experiments with the
large quantity of images available.

As shown in Table 5.4, there was a general accuracy and macro F1-score increase
when the models were trained using cropped images. However, these results follow the
same pattern observed when using the entire image as the input. Specifically, square-
root sampling attained the highest improvements for the tail classes at the cost of
reducing performance for the head classes. Our proposed SSB was able to improve the
tail classes’ accuracy with minimal accuracy loss for the head classes. In addition, it
attained the best macro F1-score in most of the cases. Lastly, Figure 5.6 shows some
sample predictions for pictures randomly picked from the WCS dataset with bounding
boxes generated by MegaDetectorV4.
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Figure 5.4. Comparison in terms of macro-averaged F1-score for all combinations of datasets
and models. SSB achieved a score that was higher than the other long-tail visual recognition
methods. It is worth mentioning that for the Swin-S model, the baseline obtained the best
macro F1-score for all the datasets. SSB is the second best.
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Figure 5.5. Breakdown of F1-score improvement per class in the WCS dataset for the
long-tail visual recognition methods over the baseline training procedure. For ResNet-50,
our proposed SSB is the most consistent method to increase F1-score throughout the classes.
Similar behavior occurs for MobileNetV3-Large and EfficientNetV2-B2 models (not included
in the graph). However, for the Swin-S architecture, all the evaluated methods degraded the
F1-score, but SSB is the one that lowers the F1-score the least.
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Table 5.4. Results attained by different methods and models on different datasets when using the bounding box with the highest confidence
as input. Bounding boxes were generated by MegaDetectorV4. Bold and underlined values, respectively, indicate the best and second-best
result for each model and dataset combination.

WCS Caltech CT Wellington CT
Model Training Acc1 Acc2 Acc3 Acc4 Accall Fm

1 Acc2 Acc4 Accall Fm
1 Acc2 Acc3 Acc4 Accall Fm

1

ResNet-50

Baseline 0.00 21.68 52.94 90.61 87.85 0.429 0.00 60.59 56.87 0.423 0.0 8.18 78.52 75.14 0.408
Sqrt-Samp 20.00 43.47 67.19 85.79 84.28 0.473 0.24 62.62 58.79 0.448 0.0 22.21 75.32 72.76 0.431
CBFocal 3.75 26.33 61.67 90.98 88.65 0.468 0.00 64.32 60.37 0.458 0.0 10.77 78.47 75.21 0.420
BAGS 26.25 23.16 53.33 91.00 88.28 0.414 0.13 67.01 62.91 0.464 0.0 36.98 77.92 75.95 0.409
SSB (Ours) 17.50 35.41 61.95 90.39 88.25 0.501 0.11 65.79 61.76 0.467 0.0 12.23 78.73 75.53 0.416

MBNetV3

Baseline 0.00 26.11 55.93 91.34 88.72 0.434 0.00 64.80 60.82 0.471 0.0 11.89 80.02 76.74 0.434
Sqrt-Samp 26.25 42.22 64.41 87.30 85.57 0.458 0.29 57.41 53.91 0.436 0.0 23.89 75.67 73.17 0.441
CBFocal 1.25 19.64 56.86 91.04 88.39 0.418 0.13 61.29 57.53 0.468 0.0 11.44 79.30 76.03 0.422
BAGS 13.75 22.47 45.07 90.13 87.07 0.373 0.42 65.10 61.12 0.461 0.0 38.60 79.31 77.34 0.403
SSB (Ours) 21.25 35.19 60.35 91.13 88.88 0.498 0.11 66.59 62.50 0.489 0.0 15.98 80.30 77.20 0.438

EffV2-B2

Baseline 0.00 19.64 48.13 90.46 87.46 0.383 0.11 61.34 57.58 0.424 0.0 8.40 79.61 76.18 0.427
Sqrt-Samp 17.50 35.19 65.09 88.37 86.49 0.469 0.08 60.33 56.63 0.437 0.0 23.33 76.86 74.28 0.452
CBFocal 0.00 10.33 53.58 91.34 88.40 0.392 0.00 64.72 60.74 0.468 0.0 12.53 79.39 76.17 0.430
BAGS 0.00 13.17 51.87 91.24 88.26 0.384 0.61 68.03 63.89 0.478 0.0 44.22 79.15 77.46 0.429
SSB (Ours) 16.25 30.31 60.28 90.38 88.10 0.474 0.08 67.10 62.98 0.465 0.0 12.27 79.80 76.55 0.439

Swin-S

Baseline 16.25 53.35 78.20 93.63 92.28 0.637 10.32 70.49 66.80 0.597 0.0 11.25 80.14 76.82 0.503
Sqrt-Samp 25.00 62.09 79.37 90.18 89.22 0.586 2.90 67.84 63.85 0.524 0.0 19.05 78.42 75.56 0.504
CBFocal 8.75 39.95 75.24 93.66 91.97 0.599 11.40 69.41 65.84 0.596 0.0 9.41 79.25 75.88 0.476
BAGS 8.75 33.83 69.93 93.52 91.52 0.511 8.29 73.86 69.84 0.560 0.0 18.64 79.36 76.44 0.447
SSB (Ours) 23.75 58.34 78.55 93.53 92.28 0.637 3.27 69.52 65.45 0.576 0.0 12.34 80.75 77.46 0.514
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Figure 5.6. Sample classification results for the baseline ResNet-50, ResNet-50 with the
proposed SSB, and Swin-S. One picture was randomly picked from each bin of categories
from the WCS dataset. Bounding boxes were generated using MegaDetectorV4.
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5.3.3 Comparing SSB to one-stage training strategies

In this experiment, the performance of single-stage training methods was evaluated
by applying re-weighting (CBFocal) and re-sampling (square-root sampling). For both
methods, cropping was also used before classification, with bounding boxes being gen-
erated by MegaDetectorV4. Table 5.5 shows the results and compares them to the
baseline training procedure and to our proposed two-stage SSB. The results show that
square-root sampling presents similar behavior as observed in the two-stage training,
i.e., improving the performance of the tail classes, but reducing the performance of
the head classes. On the other hand, CBFocal obtained a great improvement over its
results in two-stage training, and achieved the best overall accuracy in most cases.
However, this improvement occurred mostly in the head classes. One-stage training
methods also fail to improve the classification performance of the tail classes from the
Caltech and Wellington datasets. Considering the objective of improving accuracy of
the tail classes, our proposed SSB still represents the best trade-off between improving
accuracy of the tail classes and reducing performance in the head classes.

Table 5.5. Comparing the results of one-stage training using square-root re-sampling and
CBFocal loss with the baseline training procedure and our proposed SSB. Bold and underlined
values, respectively, indicate the best and second-best result for each model and dataset
combination.

WCS Caltech CT Wellington CT
Model Training Acc1 Acc2 Acc3 Acc4 Accall Fm

1 Acc2 Acc4 Accall Fm
1 Acc2 Acc3 Acc4 Accall Fm

1

ResNet-50

Baseline 0.00 21.68 52.94 90.61 87.85 0.429 0.00 60.59 56.87 0.423 0.0 8.18 78.52 75.14 0.408
Sqrt-Samp 20.00 45.86 71.61 84.07 82.90 0.530 0.90 64.87 60.94 0.529 0.0 13.58 77.29 74.22 0.458
CBFocal 15.00 35.98 67.58 92.13 90.15 0.538 0.05 71.67 67.27 0.541 0.0 15.00 79.07 75.99 0.460
SSB (Ours) 17.50 35.41 61.95 90.39 88.25 0.501 0.11 65.79 61.76 0.467 0.0 12.23 78.73 75.53 0.416

MBNetV3

Baseline 0.00 26.11 55.93 91.34 88.72 0.434 0.00 64.80 60.82 0.471 0.0 11.89 80.02 76.74 0.434
Sqrt-Samp 22.50 48.13 71.75 84.85 83.67 0.504 1.08 58.20 54.69 0.487 0.0 14.55 76.35 73.37 0.459
CBFocal 3.75 24.86 61.99 91.69 89.31 0.463 0.08 64.23 60.29 0.485 0.0 15.64 80.11 77.00 0.452
SSB (Ours) 21.25 35.19 60.35 91.13 88.88 0.498 0.11 66.59 62.50 0.489 0.0 15.98 80.30 77.20 0.438

EffV2-B2

Baseline 0.00 19.64 48.13 90.46 87.46 0.383 0.11 61.34 57.58 0.424 0.0 8.40 79.61 76.18 0.427
Sqrt-Samp 26.25 56.64 78.09 85.66 84.84 0.565 2.61 61.37 57.76 0.500 0.0 16.54 77.07 74.15 0.460
CBFocal 0.00 13.85 60.24 92.37 89.72 0.410 0.00 71.39 67.00 0.529 0.0 18.60 80.75 77.76 0.471
SSB (Ours) 16.25 30.31 60.28 90.38 88.10 0.474 0.08 67.10 62.98 0.465 0.0 12.27 79.80 76.55 0.439

Swin-S

Baseline 16.25 53.35 78.20 93.63 92.28 0.637 10.32 70.49 66.80 0.597 0.0 11.25 80.14 76.82 0.503
Sqrt-Samp 23.75 51.87 78.62 92.03 90.78 0.634 2.16 67.71 63.68 0.574 0.0 11.29 79.36 76.08 0.479
CBFocal 21.25 54.03 78.41 93.97 92.62 0.642 6.76 71.62 67.63 0.606 0.0 13.43 80.56 77.33 0.524
SSB (Ours) 23.75 58.34 78.55 93.53 92.28 0.637 3.27 69.52 65.45 0.576 0.0 12.34 80.75 77.46 0.514

5.4 Discussion

The long-tail distribution is a characteristic of real-world tasks, such as visual recogni-
tion of species in camera-trap images, in which some classes concentrate the majority
of available instances and a large number of classes have just a small quantity of sam-
ples. However, as indicated by Schneider et al. [130], computer vision models generally
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often perform poorly on recognizing species in camera-trap images with fewer train-
ing instances (tail classes). In this Chapter, a simple and effective framework called
Square-root Sampling Branch (SSB) is proposed, which can improve the performance
in tail classes with a minimal percentage of accuracy loss in the head classes. The
proposed framework was systematically evaluated against state-of-the-art methods for
handling the long-tail distribution issue in four different camera-trap datasets and four
families of computer vision models. Our experiments show that our proposed frame-
work presents competitive results with the methods in the literature, achieving the best
trade-off between increasing the performance of the tail classes and reducing the head
classes’ accuracy in most cases.

Comparing our improved baseline training procedure with the literature, ResNet-
50 achieved an overall accuracy of 92.79% for the Snapshot Serengeti dataset using the
full image, while the same architecture achieved an accuracy of 93.6% in the work con-
ducted by Norouzzadeh et al. [107] and approximately 85% in that of Villa et al. [163].
However, while these works use burst or random split, in our methodology we split the
training/test partitions based on locations, which tends to achieve a significantly lower
accuracy, as demonstrated for other datasets by Beery et al. [14], Schneider et al. [130],
and Tabak et al. [149], in which the performance of models on untrained locations drops
from 15% to 25% in accuracy in terms of absolute values. Furthermore, the categories
and test sets used are different among the works, thus making the results not directly
comparable.

The same occurs when comparing our results for the Caltech CT dataset with the
results from Beery et al. [14]. The lack of well-defined benchmarks for visual recogni-
tion of animal species in camera-trap images makes it difficult to compare the results
of different methods across works. Although most of the applications have their speci-
ficities and requirements regarding the data preparation or even the target dataset, it
would be important to apply them using a standardized benchmark as well. However,
designing such a benchmark dataset is challenging due to the wide variety of factors
that need to be considered, including taxonomic coverage, biogeography, habitat and
climate conditions, as well as the tasks to be included, such as species classification,
long-tail visual recognition, animal detection, counting, and behavior identification.
Therefore, it is recommended that the research community work collaboratively to-
wards developing standardized benchmarks for automatic information extraction from
camera-trap images, which would facilitate comparisons between different methods and
ultimately lead to advancements in this field.

In general, the method that most improved the performance for the tail classes
over the baseline was the square-root sampling. However, this method strongly de-
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grades the head classes’ accuracy. This behavior may be due to the high imbalance
of the datasets, leading the square-root sampling to cause a high undersampling of
the majority classes. Our proposed SSB can improve the accuracy for the tail classes
more than CBFocal and BAGS for most of the cases, but, unlike square-root sam-
pling, the degradation caused to the head classes is minimal, representing the best
trade-off among all the evaluated methods. SSB also represents the best performance
in terms of macro F1-score for most of the cases when compared with the two-stage
methods. On the other hand, our experiments using one training stage show that CB-
Focal achieved the best overall accuracy for most of the cases, primarily because of its
superior performance in the head classes.

This CBFocal performance improvement may indicate that pretraining using soft-
max cross-entropy does not generate a good representation for fine-tuning using Focal
loss, or that the learning of representation and classification is not well decoupled when
using this loss function. However, our experiments were not designed to assess the per-
formance based on representation (feature extractor) training strategies. Furthermore,
Kang et al. [76] do not evaluate the performance of re-weighting methods when propos-
ing the two-stage training approach. Although this approach was not explored in our
experiments, a potential alternative could be to combine the outcomes of square-root
resampling and CBFocal, which respectively performed better on the tail and head
classes. However, this approach would require running inference using two models,
effectively doubling the computational cost. In contrast, our proposed SSB only needs
to be run once and is still competitive.

Looking into the model’s performance, Swin Transformer obtained the best results
considering all the datasets, which was expected since this model has more parameters
than the other selected models. It is worth noting that the Swin-S that was trained
using the baseline settings attained an excellent performance even for the tail classes,
reaching the best mean F1-score in most of the datasets. This superior performance of
vision transformers in long-tail classification corroborates with what has been stated
in the literature, as in the classification of fungi [112], for instance.

The results also suggest a possible boundary for the applicability of SSB. The
benefit of explicitly addressing the long-tail distribution appears to decrease as the
underlying visual representation becomes stronger. In our experiments, SSB provided
more consistent improvements for ResNet-50, MobileNetV3-Large, and EfficientNetV2-
B2, whereas the Swin-S baseline already achieved the best macro F1-score across all
four datasets, with SSB obtaining the second-best results. This observation is con-
sistent with the hypothesis that stronger backbones may learn representations that
are sufficiently robust to the long-tailed distribution, reducing the additional benefit
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provided by SSB. However, the experiments in this thesis were not designed to isolate
representation quality from architectural capacity, and therefore this interpretation
should not be considered conclusive.

Regarding the question of whether using cropping before classification can im-
prove model performance, when comparing the results of the first and the second series
of experiments, it is possible to note a significant increase in the overall accuracy
when applying cropping. This improvement is more relevant for the WCS and Cal-
tech datasets, in which, for some cases, there was an improvement of 10% and 15%,
respectively. This performance improvement is consistent with the results in the liter-
ature, for example, in [14], there was a 20% increase in the accuracy when cropping
was used before classification. The use of an object detector as a preprocessing step
before species identification is also part of the methodology of Schneider et al. [131]
and Norouzzadeh et al. [106]; however, its impact on the performance is not evaluated.
Looking at the binned accuracy results, a performance increase is observed for all bins
of the classes, except for the tail classes (Bin2) for the Caltech CT and Wellington CT
datasets, in which all models and methods fail to learn them. The lowest performance
increases due to the use of cropping before classification were observed for the Swin-S
model, with an improvement varying from 1% to 4%. It is worth noting that the ac-
curacies for Swin-S using the full images are already very high when compared to the
other models. This can be explained by the vision transformer’s attention mechanism
that can allow it to focus on the animal even when using the full image.

Moreover, our experiments did not explain why the models were unable to learn to
recognize the tail classes in the smaller datasets. The Caltech and Wellington datasets,
with only 19 and 14 classes respectively, had a limited number of tail classes (4 and
1, respectively). It is possible that these tail classes were ignored due to the relatively
low number of training samples available. To investigate this further, future studies
could use the WCS dataset and progressively remove classes to evaluate the impact
on model performance. This would also provide insights into the minimum number of
training images per class needed to see an improvement in performance when using the
evaluated methods.

One limitation to our study is that only the WCS dataset has classes belonging
to all bins of classes in regards to the number of training instances. Another limitation
is that, during our experiments, there was an effort to keep our settings as similar as
possible across the methods and models in order to make a fair comparison; therefore,
our hyperparameters are suboptimal and better tuning would lead to improvements.
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5.5 Final Remarks

Although rare or endangered species may be the classes of interest for projects using
camera traps for monitoring wildlife, they are often neglected when developing deep-
learning models for automatic species recognition, mostly because of the difficulty
involved in learning classes with few training instances from long-tail datasets. In this
chapter, a simple and effective framework called Square-root Sampling Branch (SSB)
is proposed, which uses a multi-branch approach to improve performance recognition
on tail classes of long-tail camera-trap datasets with minimal loss in the performance
recognition of the head classes. Our proposed method was systematically evaluated
against square-root sampling, CBFocal loss, and Balanced Group Softmax (BAGS)
considering four camera-trap datasets: Snapshot Serengeti, WCS, Caltech CT, and
Wellington CT. Our results showed that our proposed approach achieved the best
trade-off between improving accuracy for the tail classes and decreasing the accuracy
of the head classes, and is competitive with the state-of-the-art methods. It was also
found that Swin-S performed better for most of the datasets even without applying
any additional method for handling imbalance, and achieved an overall accuracy of
88.76% for the WCS dataset and 94.97% for the Snapshot Serengeti, when considering
location-based splitting. This work resulted in the publication of “Bag of Tricks for
Long-Tail Visual Recognition of Animal Species in Camera-Trap Images” [34].

Despite the fact that our proposed framework improves the recognition of tail
classes, our experiments clearly show that it is necessary to develop more sophisticated
methods to handle the long-tail distribution in the recognition of species in camera-
trap images. Specifically for the tail classes (Bin1 and Bin2), for which the results
were extremely low, and especially for the small datasets, one could evaluate few-
shot learning methods. Another issue that was discussed is the lack of standardized
benchmarks for evaluating the performance of long-tail visual recognition of animal
species when comparing new methods. It is hoped that our well-defined methodology
for dataset preprocessing and training procedure helps establish good baselines for
other researchers. In future works, other methods can be explored such as progressive-
balanced sampling, Ally Complementary Experts, and Rebalanced Mixup (Remix).
Additional training tricks, such as label smoothing and mixup, can also be performed,
but they must be used with caution because one trick may affect the other.

The next chapter explores counting the number of individuals of each species in a
sequence of camera-trap images. For this task, a good model for species identification
that can handle long-tail distributions is essential, since the task considers not only the
total number of individuals but also whether the count is correct for each species.
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PuTR-CouT: Counting-by-Tracking
in Camera-Trap Images

In this chapter, we present a strategy built upon a transformer-based tracking model
trained on a synthetic dataset to count the number of animals of each species in camera-
trap image sequences. We evaluate it on the iWildCam 2021 benchmark against state-
of-the-art multi-object tracking methods, as well as a strong baseline based on the max-
imum bounding box count. Although effective, this heuristic is limited to predicting
a single species per sequence, highlighting the advantages of the counting-by-tracking
formulation, which achieves competitive results.

6.1 Introduction

Camera traps have been widely used for monitoring wildlife, collecting large amounts
of images worldwide. In the last decade, the computer vision community has investi-
gated diverse approaches to improve automated information extraction from this data,
speeding up data preprocessing and reducing or eliminating the need for manual data
processing. This allows ecologists to focus on their ecological research questions instead
of spending time on manually reviewing images. One of the widely studied data extrac-
tion tasks is species identification, which provides information that enables scientists
to model species richness, species occurrence, and species distribution [11]. However,
solely identifying the species is not sufficient for other types of modeling, such as those
focused on species abundance or density. For these cases, counting the number of
individuals captured across image sequences is required.

Counting the number of individuals in a single image can be done using an object
detector such as MegaDetector. However, most camera trap projects capture more

83
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than one picture per capture event in the hope of obtaining a good shot to identify the
photographed animal. In this context, simply counting the number of bounding boxes
in the pictures can overestimate or underestimate the actual number of individuals,
as the same individual may appear in multiple images, or different individuals may
appear in different images of the same sequence (see Figure 6.1). Thus, it is necessary
to use more sophisticated approaches, such as tracking individuals or re-identifying
them across the images in the sequence. However, this is a challenging task due to
temporal discontinuities, as the images are usually taken at intervals of one second
or more, and most public camera trap datasets do not include count labels, making
supervised training unfeasible.

Figure 6.1. Example of an image sequence in which simple bounding box counting leads to
over- or underestimation, as the same individual may appear in multiple frames and different
individuals may appear at different times.

Source: iWildCam 2021 challenge [11].

Some efforts have been made to address the counting of individuals in camera trap
images. For instance, Norouzzadeh et al. [107] used a classifier to count the number of
animals in the Snapshot Serengeti dataset. In a subsequent work, Norouzzadeh et al.
[106] employed a pre-trained object detection model to count animals at the image
level based on the number of bounding boxes. An effort to incentivize the development
of methods for counting the number of individuals across camera trap image sequences
was the launch of iWildCam 2021 Challenge [11], which provided a dataset for this
problem. During the challenge, the top solutions relied on heuristics that counted
bounding boxes, but were restricted to predicting a single species per sequence.

Recent work has demonstrated the potential of combining detection, multi-
object tracking, and individual re-identification for wildlife monitoring, such as Go-
rillaWatch [127]. However, this work focuses on a single species using video, whereas
this chapter considers multi-species counting in low-frame-rate camera-trap image se-
quences, where tracking annotations are typically unavailable.

In this chapter, we present a new counting-by-tracking strategy for counting
animals in sequences of camera trap images using a transformer-based multi-object
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tracking model. The main contributions of this chapter are:

• An improved maximum bounding box counting heuristic leveraging state-of-the-
art detection and classification models, enhancing counting performance on the
iWildCam 2021 Challenge benchmark.

• A novel strategy for generating synthetic labeled data for multi-object tracking
that takes advantage of camera trap image sequence priors, allowing supervised
training of trackers with learned affinity modules.

• The development of a transformer-based counting-by-tracking framework that
estimates the number of individuals using tracks, enabling multi-species predic-
tions across the sequence and species classification based on multiple views of
each individual, while providing track-level outputs that facilitate inspection and
verification of the estimated counts.

6.2 Task definition and dataset

In this section, we describe the problem setting for the counting task in camera-trap
image sequences and present the iWildCam 2021 dataset, which is used to validate our
counting approach.

6.2.1 Counting task in camera trap image sequences

Automatically extracting animal counts from camera-trap image sequences is chal-
lenging due to several factors. First, the low frame rate, usually 1 frame per second,
may lead to large displacements between consecutive frames, resulting in low bound-
ing box overlap across frames and reduced temporal consistency. Second, significant
appearance changes due to variations in pose, illumination, or occlusion may make
re-identification across frames difficult. Third, most camera-trap datasets do not con-
tain counting or tracking labels, making supervised training difficult. Although recent
datasets such as GorillaWatch [127] provide tracking and individual re-identification
annotations for specific wildlife monitoring scenarios, such resources remain limited in
species coverage and do not directly address the multi-species, low-frame-rate camera-
trap setting considered in this work.

In this context, the counting task in camera-trap image sequences considered in
this chapter assumes that count labels are not available for training and that the frame
rate is low, usually 1 fps. To encourage the development of innovative methods, Beery
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et al. [11] built the iWildCam 2021 dataset (described below), for which counting labels
were collected only for the test set, which remains private.

6.2.2 iWildCam 2021 dataset

The iWildCam 2021 dataset comprises three components: camera trap images from the
WCS dataset, citizen science images from iNaturalist, and multispectral imagery for the
camera trap locations. The camera trap data, provided by the Wildlife Conservation
Society (WCS) [90], contains 263,528 images of 206 species from 414 locations across
12 countries worldwide. The official training/test split is based on camera location,
with the training set containing 36,547 sequences totaling 203,314 images from 323
locations, and the test set containing 11,057 sequences totaling 60,214 images from 91
locations. As most publicly available camera trap data does not include count labels,
the count labels for image bursts were collected exclusively for the test set to encourage
the development of methods that can learn to count without explicit labels [11].

The dataset also includes a subset of the iNaturalist 2017-2019 competition
dataset [64], with 13,051 additional images from 75 species. Although these images
typically present a different data distribution and are of higher quality, they can still
be valuable for improving classification.

Finally, the dataset includes raw remote sensing data for each camera location,
collected by the Landsat 8 satellite, allowing investigation into whether the model
performance can be improved using this kind of multimodal data. GPS coordinates
for each camera location are provided, with most of them obfuscated for privacy and
security reasons. Each location has been randomly adjusted to lie within 1 km of the
original location center.

Unless otherwise stated, all models, synthetic data generation procedures, abla-
tion studies, and evaluations presented in this chapter are based exclusively on the
iWildCam 2021 dataset. External datasets are used only as sources of auxiliary priors
or for discussion purposes.

6.3 Heuristic counting baseline

In this section, we detail our heuristic strategy that serves as a strong baseline for the
problem of counting animals in camera-trap images, as well as an improved version
leveraging state-of-the-art detection and classification models.
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6.3.1 Maximum bounding box count heuristic

Our proposed heuristic baseline consists of two components: an image burst classifier
based on an ensemble of EfficientNet-B2 [150] models and a counting heuristic based on
the bounding boxes generated by MegaDetectorV4 [13]. The main idea is to estimate
the number of animals present in the sequence based on the image with the highest
number of bounding boxes (MaxBoxCount), which could provide a lower bound on the
number of animals across the sequence if the animal detector achieves perfect detection
(see Figure 6.2). Additionally, since the vast majority of the images contain only a
single species, the simplest approach for classification is to assume a single species
across the entire sequence and use the most likely species prediction to the total count
of individuals.

MegaDetectorV4

C1 = 1

C3 = 2

C2 = 1

BBoxConfidence > 0.8

Cseq = max(C1 ,C2 ,...,Cn)
Cseq = 2

Figure 6.2. The MaxBoxCount heuristic estimates the count for a sequence as the number of
bounding boxes in the image with the highest number of detections. Only bounding boxes with
confidence higher than τ are considered (for our iWildCam 2021 challenge final submission,
τ = 0.8).

Initially, MegaDetectorV4 is run on all images to detect animals. Next, we run
the image classifiers on both the full image and the bounding box with the highest
confidence score. The image prediction is calculated as the weighted average of the
predictions from both models, following the approach used by the winning solution of
iWildCam 2020: 0.15 (full image) + 0.15 (mirrored full image) + 0.35 (bbox) + 0.35
(mirrored bbox). Figure 6.3 illustrates this fusion strategy. To predict the species in
the sequence, we average the species predictions of the non-empty images in the burst.

Finally, we generate a prediction vector containing the number of individuals of
each species – in our case, only a single species – based on the maximum number of
bounding boxes with confidence score higher than a threshold τ across any image in
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P1

P2

P3

P4

P = 0.15P1+ 0.15P2+ 0.35P3+ 0.35P4 

Figure 6.3. Fusion strategy for the classifier ensemble used in MaxBoxCount. The species
prediction P for a given image is the weighted average of the predictions P1 for the full image,
P3 for the bounding box with the highest score, and their horizontally mirrored versions (P2

and P4).

the sequence. If the classifiers identify only empty images, the vector will contain only
zeros. Figure 6.4 presents a diagram summarizing the steps of our proposed heuristic
baseline.

This classification strategy limits us to predicting only one species per sequence.
However, it has proven to be a strong baseline, as it was the winning solution in iWild-
Cam 2021 challenge (see Appendix A for a detailed description of our final submission).
Next, we describe how we enhanced the MaxBoxCount heuristic with state-of-the-art
models, further improving its performance after the competition.

6.3.2 Improving the baseline heuristic

In Chapter 4 and Chapter 5, we explored diverse training innovations that were re-
sponsible for substantial improvements in the performance of classical computer vision
architectures. Since the conclusion of the iWildCam 2021 challenge, improved wildlife
monitoring models were introduced, such as MegaDetectorV10001 for animal detection
and MegaDescriptor [25] for animal re-identification. Meanwhile, Vision Transformers
have consolidated as a new dominant paradigm in computer vision. In this section,
we explore how to improve the proposed MaxBoxCount heuristic by applying these
innovations, establishing a stronger baseline for the animal counting task in camera
trap image sequences.

1https://github.com/agentmorris/MegaDetector/blob/main/docs/release-notes/
mdv1000-release.md

https://github.com/agentmorris/MegaDetector/blob /main/docs/release-notes/mdv1000-release.md
https://github.com/agentmorris/MegaDetector/blob /main/docs/release-notes/mdv1000-release.md
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Figure 6.4. Schematic diagram of our heuristic baseline MaxBoxCount for counting animals.
This heuristic relies on bounding boxes generated by MegaDetectorV4, which are used to count
the detected individuals. Species identification is performed using two classifiers: one for the
full image and another for the bounding boxes.
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In general, we followed the same pipeline shown in Figure 6.4, updating only the
animal detector and the classifiers. Initially, we replaced MegaDetectorV4 with the
most recent release, MegaDetectorV1000-redwood (the largest model in the MegaDe-
tectorV1000 family), using it both to generate bounding boxes for training the classifier
and for the counting heuristic. The authors recommend a default threshold of 0.3 or
0.4 for this new family. We set the threshold to 0.3 when generating bounding boxes for
classifier training, as the classifier is more robust to noisy detections, and to 0.4 for the
counting heuristic as a more conservative choice. This follows our original approach, in
which we used a threshold of 0.6 for training the classifier and 0.8 for counting bound-
ing boxes with MegaDetectorV4. It is important to note that confidence thresholds do
not directly translate across MegaDetector versions, as stated by the authors.

For the classifiers, we kept the same ensemble approach with two models: one
trained on full images and another trained on cropped bounding boxes. We replaced
EfficientNet-B2 with Swin-B from the Swin Transformer family. Swin-B has greater
capacity than Swin-S, which had already outperformed EfficientNet-B2 in the experi-
ments presented in Chapter 5.

Image preprocessing. For the crop classifier, we first applied a square crop
centered on each bounding box. Then, for both the full-image and crop models, the
images were resized so that the smallest side was 450 pixels. During training, we used
a set of standard data augmentation operations: a random crop with aspect ratio
sampled in [3/4, 4/3] and area in [65%, 100%], random horizontal flipping with 50%
probability, and RandAugment [31] with parameters N = 2 and M = 9. Finally,
images were normalized using the ImageNet mean and standard deviation and resized
to 224× 224. During inference, the preprocessing consisted only of normalization and
resizing the image to match the input resolution of the architecture.

Implementation details. As the Swin Transformer achieved excellent per-
formance on camera trap data in Chapter 5, even without employing the evaluated
methods to address the long-tail issue, we did not incorporate any additional long-
tail handling techniques in order to maintain training simplicity. This also allowed us
to adopt a single-stage training procedure – unlike the original heuristic, which used
multiple stages – using a fixed input resolution of 224 × 224 for both training and
inference. The models were initialized with ImageNet-1k pretrained weights from the
timm library [170] and trained using the AdamW [100] optimizer with a batch size of
64 for 30 epochs. The initial learning rate was set to 10−5, and the weight decay was
set to 10−7. The learning rate was linearly warmed up from 0 to the initial value for
2 epochs and then decayed to 0 using cosine schedule [58]. We also employed label
smoothing [146] with ϵ = 0.1.
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Although these innovations have improved the results on the iWildCam 2021
benchmark, this heuristic, by construction, is unable to predict multiple species within a
sequence. To address this limitation, the next section describes an alternative counting
approach based on tracking methods.

6.4 Pure Transformer for Counting-by-Tracking in

Camera Trap Image Sequences

We argue that a more natural mechanism for counting animals is to track them across
images in a sequence. In this approach, detections in each image are associated with the
corresponding detections in other images of the same sequence, framing the problem as
a multi-object tracking task. The number of animals can then be obtained by counting
the number of unique tracks, which we refer to as counting-by-tracking. Since the
estimated count is directly derived from the resulting tracks, the individual tracks
can be inspected to verify whether the estimated count is consistent with the animals
observed across the sequence.

Another advantage of counting-by-tracking is that, unlike the MaxBoxCount
heuristic, it naturally enables multi-species counting within a sequence, since each
track corresponds to an individual animal that can be classified by species. Moreover,
species identification may benefit from multiple views across the sequence, as the visual
markers required for identification may only be visible in certain frames depending on
the animal position.

However, camera-trap image sequences present several challenges for tracking, as
mentioned previously, such as low frame rates and low bounding-box overlap across
frames, which can result in large displacements between consecutive images. These
factors may harm the performance of classical multi-object trackers such as SORT and
ByteTrack, which rely mainly on motion cues and geometric overlap. We hypothe-
size, however, that a tracker with a learned association module can learn to associate
bounding boxes across images. In particular, transformer-based trackers, such as the
recently proposed Pure Transformer (PuTR), can learn such associations by leveraging
visual features as well as temporal and spatial information.

In this section, we explore a counting-by-tracking approach built upon a Pure
Transformer (PuTR) trained to track animals in camera trap image sequences. Each
track is then classified individually using all associated bounding boxes, and the number
of individuals per species is estimated by counting unique tracks. Figure 6.5 summa-
rizes our approach, which we call Pure Transformer for Counting-by-Tracking (PuTR-
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CouT).
Since suitable labeled datasets for multi-object tracking in camera trap image

sequences are scarce, we propose a method for generating a synthetic training set with
pseudo-labels, enabling weakly supervised training of the tracking model, as described
in Sections 6.4.1 and 6.4.2. Section 6.4.3 presents the adaptations required to train
PuTR given the characteristics of camera trap data. Finally, Section 6.4.4 describes
the necessary modifications for predicting tracks in camera trap image sequences.

6.4.1 Generating a synthetic training set for tracking using

camera trap sequence priors

While classical trackers such as SORT and ByteTrack rely on motion models and
geometric overlap and therefore do not require a labeled tracking dataset, trackers
that incorporate learned affinity modules, such as PuTR, require tracklet annotations
for training. Unfortunately, obtaining such labels is infeasible in most camera trap
projects. We overcome this limitation by exploiting structural priors inherent to cam-
era trap data, such as static backgrounds and short temporal bursts, to heuristically
generate pseudo-labels for tracking in a weakly supervised manner.

We begin by defining a base case for generating tracking labels as sequences
in which an animal detector produces at most one bounding box per image. Under
this condition, we assume that only a single individual appears throughout the entire
sequence. Although this assumption does not always hold, it provides a reasonable
starting point, and we accept the potential noise introduced by this simplification.

Next, to synthesize sequences containing more than one individual – for example,
to simulate animal herds – we leverage the static nature of camera traps by merging
base-case tracks from sequences obtained at the same location, as shown in Figure 6.6.
Although the background may gradually change due to vegetation growth over time,
illumination variations throughout the day, or different weather conditions, for sim-
plicity we restrict the merging process to sequences captured at the same location and
within the same coarse timeslot2: morning, afternoon, or night.

Importantly, under the PuTR formulation, each input token corresponds to a
bounding box rather than to the full image. This allows the direct use of cropped
boxes from the original sequences without explicitly generating synthetic composite
images. However, this simplification also constitutes a limitation of the proposed syn-
thetic dataset, as the appearance of each individual is preserved from its original image.

2We define the timeslots as follows: morning from 05:00 to 11:00, afternoon from 11:00 to 17:00,
and night for the remaining hours.
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Figure 6.5. Overview of the proposed Pure Transformer for Counting-by-Tracking (PuTR-
CouT) framework. Given a sequence of camera-trap images, the MegaDetectorV1000 model
is first applied to obtain bounding boxes. These detections are associated across frames
by a Transformer-based multi-object tracker trained on synthetic data, forming tracks that
correspond to individual animals. Each track is classified independently, enabling multi-
species counting within a sequence by estimating the number of unique tracks per species.
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Merge sequences

Figure 6.6. Illustration of the proposed synthetic sequence generation. Base-case tracks
captured at the same location and within the same coarse timeslot can be merged to simulate
a multi-individual sequence. Each cropped box is treated as a token by PuTR, removing the
need to reconstruct composite images.

Consequently, visual interactions that would naturally arise in a true composite scene,
such as shared illumination conditions, color consistency, partial occlusions, and back-
ground blending effects, are not modeled. We nevertheless adopt this approximation
because PuTR operates directly on object tokens, making the generated samples suit-
able for learning association patterns while substantially simplifying the synthetic data
generation process.

Finally, the number of individuals or different species present in a sequence may
vary across species and locations. Since we use only single-individual sequences to
generate the synthetic dataset, we approximate the distribution of individual counts per
sequence by sampling, for each synthetic training example, the number of individuals
according to the Negative Binomial distribution fitted to the counts produced by our
MaxBoxCount heuristic, as described in Section 6.4.2. We sample the number of
species present using statistics derived from the Snapshot Serengeti dataset [142] as a
reference prior. Importantly, Snapshot Serengeti is not used for training or evaluation;
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all experiments in this chapter are conducted exclusively on the iWildCam 2021 dataset.
In Snapshot Serengeti, approximately 95% of the sequences contain only one species.
Accordingly, we set the probability of two species to 4.9% and three species to 0.1%.
Algorithm 1 provides a pseudo-code for generating the synthetic dataset for tracking.

Algorithm 1 Pseudo-code for synthetic sequence generation
Require: Training set T , animal detector Det, target samples N
Ensure: Synthetic dataset Dsyn

1: O ← Det(T ) ▷ Extract detections per image
2: C ← MaxBoxCount(O) ▷ Sequence counts via heuristic
3: Fit Negative Binomial parameters (µ, α) to C
4: S1 ← {s ∈ T | C(s) = 1} ▷ Single-individual sequences
5: L1 ← listLocations(S1)
6: Dsyn ← ∅
7: for j = 1 to N do
8: Sample count i ∼ NB(µ, α) ▷ Number of individuals
9: Sample species limit k ∼ Cat({1 : 0.95, 2 : 0.049, 3 : 0.001})

10: Sample location p ∼ L1 and timeslot t ∼ {morning, afternoon, night}
11: Q ← Select i sequences from S1 matching (p, t)
12: such that total distinct species ≤ k
13: dj ← mergeSeqs(Q)
14: Dsyn ← Dsyn ∪ {dj}
15: end for
16: return Dsyn

In the iWildCam 2021 dataset, sequences contain between 1 and 10 images. To
preserve temporal consistency, images are aligned from the first capture of each se-
quence, and synthetic sequences are generated with the same length as the longest
base sequences. Initially, we used the frame sequence information provided in the JSON
metadata. However, we noticed mismatches caused by incorrect frame ordering, which
could harm temporal consistency, as exemplified in Figure 6.7. To address this issue,
we reordered the frames in both the training and test sets using the EXIF [23] datetime
information when available in the image metadata. Around 50% of the images present
timestamp mismatches between the JSON metadata and the EXIF information, but
only 3.90% of the sequences had a change in image order, as shown in Table 6.1.

Implementation details. To generate the bounding boxes, we used
MegaDetectorV1000-redwood with a confidence threshold of 0.4, following the im-
proved baseline for consistency (see Section 6.3.2). We also used the training labels to
filter the data, discarding sequences labeled as empty. We set the generator to produce
75,000 synthetic sequences, resulting in 35,804 non-empty sequences – empty sequences
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Figure 6.7. Example of a sequence whose frame ordering based on JSON metadata is
incorrect, as verified by both the timestamps in the EXIF metadata and the timestamp
shown in the top metadata overlay of the images.

Table 6.1. Timestamp consistency analysis between EXIF metadata and JSON metadata in
the iWildCam 2021 dataset. Percentages are relative to the total number of images/sequences
in each set.

Training Set Test Set

Total images 203,314 60,214
Total sequences 36,547 11,057

Images with valid EXIF 202,486 (99.6%) 60,168 (99.9%)
Images with mismatched timestamps 101,932 (50.1%) 28,883 (48.0%)
Sequences with timestamp mismatches 23,247 (63.6%) 6,474 (58.6%)

Images reordered 7,485 (3.7%) 1,579 (2.6%)
Sequences reordered 1,424 (3.9%) 325 (2.9%)

are ignored during PuTR training and therefore do not contribute to the loss. This is
close to the number of sequences in the original iWildCam 2021 training set.

6.4.2 Modeling the distribution of sequence-level animal

counts for synthetic data generation

Since the number of individuals per sequence is unknown in our problem setting, we
cannot directly replicate real-world count distributions when generating our synthetic
dataset by merging single-individual sequences. To address this limitation, we employ
the MaxBoxCount heuristic as a proxy for the number of individuals per sequence
in a weakly supervised formulation. By generating synthetic samples that follow this
distribution, we aim to mitigate the impact of distribution shift in the number of tracks
per sequence when evaluating the model on the real test set.

Running MaxBoxCount on the original training set, we found that the mean
number of counts per sequence is 1.02 and the variance is 4.90, which characterizes
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overdispersed count data. A common distribution used to model overdispersed counts
is the Negative Binomial distribution. Another characteristic of camera trap data is
the high number of empty sequences (zero counts), with the iWildCam 2021 training
set presenting 46.67% zero counts according to the MaxBoxCount heuristic. In such
cases, a zero-inflated model may be required to account for a possible excess of zeros.

Given the counts produced by MaxBoxCount, we used the statsmodels li-
brary [133] to fit both a Negative Binomial distribution and its zero-inflated variant.
The Negative Binomial distribution was able to fully explain the observed distribution,
with fitted parameters α = 1.319389376732665 and µ = 1.0207130544230718. For the
Zero-Inflated Negative Binomial model, the parameter π, which represents the prob-
ability of additional structural zeros, was estimated as 0.000014. This indicates that
there is no significant excess of structural zeros beyond what is already predicted by
the Negative Binomial distribution. Given this result, we use the Negative Binomial
distribution with the fitted parameters to sample the number of individuals present in
each generated synthetic example.

6.4.3 Adapting PuTR for tracking under camera trap

constraints

We build our counting-by-tracking framework on top of the original PuTR implemen-
tation, introducing adaptations to handle the characteristics of camera-trap image se-
quences. We retain the original model architecture, composed of 6 transformer blocks
with multi-head self-attention (8 heads), including temporal and spatial positional en-
codings and a causal attention mask. The model is trained to associate each bounding
box with one from the previous frame.

Detections. To maintain consistency with the MaxBoxCount baseline, we use
MegaDetectorV1000-redwood to generate bounding boxes for both training and infer-
ence. This version is based on YOLOv5x6, while the original PuTR uses YOLOX
during inference. We assume that MegaDetectorV1000 produces high-quality detec-
tions for this task, and all detections with confidence above 0.4 are treated as ground
truth during training, as described in Section 6.4.1.

Tokenization. In PuTR, each bounding box is translated into a token. Al-
though the authors suggest using Re-ID models or DETR-based features to obtain
high-dimensional representations, the embeddings for the tokens are extracted directly
from raw image patches. Given the high appearance variance across images in camera-
trap data, in our framework we choose to adopt MegaDescriptor to generate the embed-
dings, a Re-ID model designed for wildlife data. Additionally, we evaluate embeddings
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extracted from the species classifier trained on iWildCam 2021, the same model used to
identify the species in the framework, allowing us to assess the impact of task-specific
representations.

Sequence length. During training, the original PuTR implementation progres-
sively increases the number of frames used per clip by adjusting the sampling rate,
with the number of frames going from 4 to 128 according to the epoch. However, while
the original implementation considers videos with a regular frame rate (for example,
30 FPS), this is not the case for camera-trap image sequences, which usually have 1
FPS and a small number of frames per sequence. In our dataset, bursts vary from 1
to 10 frames. Therefore, we fix the sequence length to 10 frames for both training and
inference, padding sequences with fewer frames as needed.

Implementation details. To generate the tokens, the bounding boxes are
cropped and resized to the MegaDescriptor input resolution (224 × 224), resulting in
1024-dimensional embeddings, which are precomputed during synthetic dataset gen-
eration for computational efficiency. These embeddings are then passed through a
linear projection layer to obtain the token representation, matching the PuTR model
dimension (dmodel = 512).

To prevent the model from exploiting ordering biases introduced during synthetic
data generation, we randomly permute the bounding boxes within each frame during
training. Finally, no image-level data augmentation is applied.

We train PuTR from scratch on the synthetic dataset following the original train-
ing recipe. The model is trained for 7 epochs with a batch size of 4. We use the AdamW
optimizer with an initial learning rate of 0.0002 and a weight decay of 0.0005. Gradi-
ents are accumulated over 32 steps, and gradient clipping is applied with a maximum
norm of 1.0. We also employ a cosine learning rate decay schedule.

6.4.4 Tuning PuTR inference for the counting task

At inference time, we use tracking results as a proxy for counting animals, where each
track corresponds to an individual. Accordingly, we prioritize inference design choices in
PuTR that favor accurate track counts over other multi-object tracking metrics, such as
identity switches. PuTR relies on a runtime manager to handle tracklet states and uses
the Hungarian algorithm to associate detections across frames based on the Transformer
affinity matrix. We retain the original runtime manager with minor adaptations for
camera-trap image sequences.

First, we set the detection threshold to 0.4, so only these detections are visible
to the tracker. Each detection is associated with a detection in the previous frame;
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if unmatched, it is initialized as a new track only if its confidence exceeds 0.5. These
settings maintain consistency with the thresholds used in the MaxBoxCount baseline
and other multi-object trackers in our experiments.

In the PuTR runtime, a track must accumulate at least three hits to be confirmed,
remaining in a “new track” state until then to ensure stability. While this is suitable for
videos with regular frame rates, it is impractical for camera-trap sequences at 1 FPS,
where animals may appear in only a single frame (as shown in Figure 6.8). Given this
constraint, and considering the high quality of MegaDetector detections, we remove
this stabilization requirement. Additionally, we remove the heuristic that keeps all
detections in the first five frames in the “new track” state.

(a) Animal appearing only in the first frame

(b) Animal appearing in the last frame

Figure 6.8. Occurrences of animals appearing in only a single frame are relatively common in
camera-trap image sequences. (a) illustrates a frequent scenario in which the animal appears
only in the first frame due to its speed. (b) presents a case in which a new individual enters the
scene in the final frame. In both cases, these individuals would be ignored by the stabilization
step originally employed in the PuTR inference runtime.

To improve tracking, PuTR applies a series of geometric and positional com-
pensations to the affinity matrix produced by the Transformer. However, the large
displacements of animal detections between frames in camera-trap sequences can make
these compensations ineffective or even harmful. Therefore, we remove them, relying
solely on the Transformer predictions for association, and evaluate this design choice
in an ablation study.

We also relax the association thresholds ASSO_THRE1 and ASSO_THRE2, which
control the association of detections to tracks based on bounding box IoU and visual
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affinity, respectively. We set ASSO_THRE1 to 0.0, effectively disabling the IoU constraint,
and reduce ASSO_THRE2 from 0.8 to 0.25 to account for large appearance variations
across frames. This helps reduce track fragmentation, i.e., cases where a track is
incorrectly split into multiple tracks, artificially increasing the counts.

We also relax DETS_IOU_THRESH, which suppresses highly overlapping detections.
Since we assume MegaDetector produces high-quality bounding boxes, such aggressive
filtering is unnecessary; therefore, we increase this threshold from 0.4 to 0.95.

6.5 Experiments and results

Our experiments were conducted on the iWildCam 2021 dataset using the official chal-
lenge metric, the mean column-wise root mean squared error (MCRMSE). Since the
test set labels are not publicly available, we evaluated our method on the Kaggle com-
petition platform via late submissions. We report both public and private scores, each
corresponding to approximately 50% of the test set: the public score was visible during
the competition, whereas the private score, revealed only after the competition ended,
determined the final rankings. Additional details about our solution submitted to the
competition and the final standings can be found in Appendix A.

6.5.1 Improved MaxBoxCount heuristic results

To evaluate the extent to which the proposed improvements in Section 6.3.2 impact
the performance of the MaxBoxCount heuristic, we first replace only the classifier com-
ponent. As shown in Table 6.2, while keeping the bounding box counts from MegaDe-
tectorV4 as in the winning solution, the error is reduced by 12.4%, from 0.0293278
to 0.0256999. Notably, the error gap between the first- and second-place solutions is
less than 0.2%, while the gap to the third place is approximately 4.9%. When using
MegaDetectorV1000 to generate bounding boxes for counting, the error decreases fur-
ther to 0.0238785, corresponding to an improvement of approximately 18.5% relative
to the winning solution. These results demonstrate the effect of the updated models
on the heuristic. It is worth noting that all top-3 solutions employed heuristics similar
to our improved MaxBoxCount.

6.5.2 PuTR-CouT results

Trackers experimental settings. The improved MaxBoxCount heuristic, despite its
strong performance, is inherently limited to predicting a single species per sequence
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(sequence-level classification). In contrast, PuTR-Cout overcomes this limitation by
adopting a count-by-tracking strategy, where each track is classified independently
(track-level classification). Therefore, we also include classical multi-object trackers
in our experiments to compare PuTR-CouT with approaches that support track-level
classification, enabling a fairer evaluation. In particular, we evaluate ByteTrack, a
tracker derived from SORT that relies only on geometric features, and BoT-SORT,
which builds upon ByteTrack and incorporates ReID features. The latter allows for
a more direct comparison with PuTR-CouT, as both approaches can utilize the same
embedding model to encode detections. Additionally, for a fair comparison, all trackers
use the same MegaDetectorV1000 bounding boxes as MaxBoxCount, as well as the
same bounding box classifier based on Swin-B to classify tracks.

For ByteTrack, we set the high track threshold (used as the primary criterion for
selecting bounding boxes for tracking) to 0.4 to maintain consistency with MaxBox-
Count, while keeping the default low track threshold of 0.1. For the new track threshold,
we follow the original ByteTrack implementation, setting it to be 0.1 higher than the
high track threshold (i.e., 0.5 in this case). For BoT-SORT, we use the same threshold
values. For the additional thresholds in BoT-SORT, we relax both the proximity and
appearance thresholds (to 0.95 and 0.5, respectively) to account for the characteristics
of camera trap image sequences, which often exhibit large displacements and higher
appearance variability across images. Furthermore, since camera traps are static, we
disable the Camera Motion Compensation module. The PuTR-CouT thresholds are
described in Section 6.4.4.

To compare the impact of sequence-level and track-level classification on counting
performance, we evaluate both approaches using ByteTrack while keeping the tracking
component fixed. Specifically, in the sequence-level setting, the number of tracks pro-
duced by ByteTrack replaces the maximum bounding-box count used in the MaxBox-
Count heuristic. For the remaining tracker experiments, we adopt only track-level
classification, following the counting-by-tracking strategy.

For BoT-SORT, we conduct experiments both with and without ReID module to
evaluate their impact. For the ReID features, we use MegaDescriptor as well as features
produced by the classifier, in order to assess the impact of task-specific representations,
using the same models employed during the tokenization process for PuTR.

Trackers results. The results shown in Table 6.2 highlight several important
trends. When comparing ByteTrack configurations, track-level classification performs
slightly worse than sequence-level classification on the private score; however, it shows
a larger advantage on the public score. Although ByteTrack yields the weakest perfor-
mance among all evaluated trackers, it still surpasses the winning solution.
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Table 6.2. Main results of the improved MaxBoxCount and PuTR-Count for counting (MCRMSE), compared with the top-3 iWildCam
submissions and classical multi-object trackers on iWildCam 2021. In the classifier column, all entries are ensembles of the specified
architecture. Bold and underlined values indicate the best and second-best scores, respectively. Lower is better.

Strategy BBoxes Source Classifier ReID Features Counting Classification Public ↓ Private ↓

2021 Winning solution (ours) MDv4 EfficientNet-B2 – Boxes count Sequence classif. 0.0300970 0.0293278

2nd place solution MDv3 EfficientNet-B2 – Boxes count Sequence classif. 0.0297267 0.0293786

3rd place solution MDv4

ResNet152

+ EfficientNet-B3

+ EfficientNet-B7

– Boxes count Sequence classif. 0.0315964 0.0308570

MaxBoxCount (ours) MDv4 Swin-B – Boxes count Sequence classif. 0.0269689 0.0256999

MaxBoxCount (ours) MDv1000 Swin-B – Boxes count Sequence classif. 0.0254706 0.0238785

ByteTrack MDv1000 Swin-B – Tracks count Sequence classif. 0.0297142 0.0282785

ByteTrack MDv1000 Swin-B – Tracks count Tracks classif. 0.0285004 0.0284988

BoT-SORT MDv1000 Swin-B – Tracks count Tracks classif. 0.0279936 0.0283493

BoT-SORT MDv1000 Swin-B Swin-B classif. Tracks count Tracks classif. 0.0272002 0.0273195

BoT-SORT MDv1000 Swin-B MegaDescriptor Tracks count Tracks classif. 0.0270137 0.0272918

PuTR-CouT (ours) MDv1000 Swin-B Swin-B classif. Tracks count Tracks classif. 0.0254377 0.0248642

PuTR-CouT (ours) MDv1000 Swin-B MegaDescriptor Tracks count Tracks classif. 0.0250704 0.0250820



6. PuTR-CouT: Counting-by-Tracking in Camera-Trap Images 103

For BoT-SORT, the use of ReID module leads to improved performance compared
to configuration without ReID. Finally, PuTR-CouT outperforms all other trackers,
achieving an error of 0.0248642, corresponding to an improvement of nearly 9% over
BoT-SORT when using the same ReID model. In particular, PuTR-CouT with Swin-B
features reduces the error by approximately 15.2% compared to the winning solution on
the private score. Moreover, PuTR-CouT with MegaDescriptor achieves the best result
on the public score, surpassing even the improved MaxBoxCount heuristic (0.0250704
vs. 0.0254706).

Figures 6.9 and 6.10 illustrate representative examples of model performance.
Figure 6.9 presents sample predictions comparing PuTR-CouT and MaxBoxCount,
highlighting scenarios in which PuTR-CouT effectively handles multi-species counting.
In contrast, Figure 6.10 shows selected failure cases of PuTR-CouT, emphasizing com-
mon challenges such as missed detections, identity switches, and the lack of contextual
reasoning across individuals.

6.5.3 Ablation studies on PuTR-CouT

Improving tracks. When constructing the synthetic training set for tracking, we
observed that some image sequences were incorrectly ordered. In this ablation study, we
evaluate the impact of reordering sequences based on timestamp information extracted
from EXIF metadata. For PuTR, we assess all combinations of applying or not applying
reordering during both training and inference. In contrast, since ByteTrack and BoT-
SORT do not involve a training phase, we evaluate reordering only at inference time. As
shown in Table 6.3, reordering slightly degrades performance for both ByteTrack and
BoT-SORT, increasing the private error by less than 1%. However, for PuTR-CouT,
reordering reduces the error by approximately 3% compared to the original dataset
ordering. This improvement is consistent regardless of whether reordering is applied
during training, highlighting the effectiveness of sequence reordering for PuTR-CouT.
We also investigate filtering out detections classified as empty before passing them to
the tracker. This strategy, however, leads to an increase in error.
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MaxBoxCount
Acryllium vulturinum: 5

PuTR-CouT
Acryllium vulturinum: 1
Aepyceros melampus: 4

MaxBoxCount
Aepyceros melampus: 3

PuTR-CouT
Aepyceros melampus: 3

MaxBoxCount
Madoqua guentheri: 2

PuTR-CouT
Madoqua guentheri: 2

Figure 6.9. Illustrative examples of counting predictions. Bounding box colors denote the tracks generated by PuTR-CouT; only the first
three images of each sequence are displayed. The first row demonstrates a key advantage of PuTR-CouT over MaxBoxCount in handling
multi-species counting scenarios. Best viewed in color.
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MaxBoxCount
Panthera leo: 3

PuTR-CouT
Panthera leo: 2
Panthera onca: 1

MaxBoxCount
Crax rubra: 3

PuTR-CouT
Crax rubra: 2
Tinamus major:1 

MaxBoxCount
Capra aegagrus: 16

PuTR-CouT
Capra aegagrus: 10
Bos taurus: 6

Figure 6.10. Selected failure cases of PuTR-CouT. In the first row, four individuals are present; however, the detector captures only
three. As the third individual is difficult to identify, PuTR-CouT classifies each track independently, resulting in an implausible prediction
that mixes Panthera onca and Panthera leo, whereas contextual information could suggest that all individuals belong to the same species.
In the second row, an identity switch occurs, and the presence of juveniles further degrades performance, leading to incorrect predictions.
Incorporating context could help classify all individuals as belonging to the same adult species. In the third row, individual predictions are
again incorrect, where contextual reasoning could support more accurate classification. Best viewed in color.
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Table 6.3. Effect of reordering camera-trap sequences based on EXIF information for both
the training and test sets, and pre-filtering empty bounding boxes when using a counting-by-
tracking strategy. Lower is better.

Tracker Reordering Pre-filter Public ↓ Private ↓
Train Test bboxes

Bytetrack 0.0282960 0.0282683
Bytetrack ✓ 0.0285004 0.0284988
BoT-SORT (MegaDesc.) 0.0270303 0.0270292
BoT-SORT (MegaDesc.) ✓ 0.0270137 0.0272918
PuTR (MegaDesc.) 0.0252463 0.0256394
PuTR (MegaDesc.) ✓ 0.0250080 0.0248314
PuTR (MegaDesc.) ✓ 0.0252018 0.0258654
PuTR (MegaDesc.) ✓ ✓ 0.0250704 0.0250820
PuTR (MegaDesc.) ✓ ✓ ✓ 0.0250210 0.0253143

Improving the affinity matrix. In this ablation study, we evaluate the impact
of disabling the additional components of the affinity matrix introduced in the original
PuTR implementation. As shown in Table 6.4, none of these components improve
performance in our setting. This finding supports our hypothesis that incorporating
geometric features is challenging for this task, and suggests that predictions based
solely on transformer representations are already competitive.

Table 6.4. Ablation study on the effects of different components of the affinity matrix in
PuTR when applied to a camera-trap data context. Lower is better.

Tracker
IOU

comp. HMIOU HIOU
Traj.
conf.

Detec.
conf. Public ↓ Private ↓

PuTR 0.0250704 0.0250820
PuTR ✓ 0.0251859 0.0252154
PuTR ✓ 0.0252193 0.0253234
PuTR ✓ 0.0252193 0.0253234
PuTR ✓ 0.0251123 0.0254082
PuTR ✓ 0.0250931 0.0251428
PuTR ✓ ✓ ✓ ✓ ✓ 0.0253234 0.0253416

6.6 Discussion

Counting animals in camera trap image sequences is an essential task for ecologi-
cal studies, particularly those focused on modeling the abundance and density of a
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species [11]. However, automating this task using computer vision is challenging due
to the inherent characteristics of camera trap data, such as low frame rates and the
absence of counting annotations in most publicly available datasets. In this chapter,
we presented a counting-by-tracking strategy built upon a transformer-based tracking
model, which achieved competitive results compared to the heuristic-based MaxBox-
Count method. Furthermore, we improved MaxBoxCount to achieve state-of-the-art
performance in this setting.

While counting animals in single images could be performed using object detectors
trained for camera trap data, as demonstrated by Norouzzadeh et al. [106], extending
this approach to image sequences is not straightforward due to the challenges mentioned
above. The iWildCam 2021 challenge [11] highlighted this difficulty in a setting where
counting labels are not available for training, with top-performing solutions relying on
heuristics based on the maximum number of bounding boxes across images. Building
on this idea, we improved the MaxBoxCount heuristic by incorporating more recent
versions of MegaDetector and an improved classifier, reducing the error rate by 18.5%
relative to the winning solution. This result highlighted the dependence of this heuristic
on strong detection and classification models. However, by design, this approach is
limited to predicting a single species per sequence and can only provide a lower bound
on the total number of individuals, which limits further error reduction. Additionally,
animals can disappear and reappear across frames, requiring some form of individual
re-identification to avoid under- or overestimation of counts.

In contrast, PuTR-CouT addresses these limitations by explicitly tracking indi-
viduals across image sequences, assigning a species label to each track, and counting
them based on the number of unique tracks. While using the same animal detector and
species classifier as MaxBoxCount, PuTR-CouT achieved competitive results, although
there remained significant room for improvement. For instance, tracking performance
could potentially be enhanced through improved synthetic dataset generation.

One limitation of the method used to build the synthetic training set is that it does
not account for species-specific social behavior, as some species tend to appear in groups
while others are typically solitary. This has several implications. For example, species
that appear in groups may yield fewer single-individual sequences, which can introduce
a distribution shift in species representation. As a result, the set of single-individual
sequences may be dominated by solitary species, leading to an overrepresentation of
these species compared to the original distribution.

Another related limitation is that the approach does not account for differences in
count distributions across species when generating the random number of individuals
per sequence, being species-agnostic. We also do not account for species co-occurrence
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when randomly selecting which species may appear together in a synthetic tracking
sample, although this effect may be partially mitigated by restricting the mixing process
to sequences from the same camera site. Although we expect the tracking model to be
robust to these types of noise, our method does not explicitly address these cases, and
our experiments were not designed to assess the impact of these simplifications.

A further limitation of the synthetic data generation procedure is that synthetic
multi-individual sequences are created at the token level rather than as fully composited
images. Because each bounding box is extracted directly from an original image, the
generated samples do not reproduce visual interactions that would naturally occur
when multiple individuals share the same scene, such as consistent illumination, color
adaptation, occlusions, and other contextual effects. Although this approximation
is compatible with the token-based formulation adopted by PuTR, it introduces a
discrepancy between the synthetic training data and real multi-individual camera-trap
sequences.

Despite these limitations, our method for generating a synthetic training set for
tracking enabled PuTR-CouT to be trained effectively and thus to count individuals
through tracking. Under the counting-by-tracking paradigm, PuTR-CouT substan-
tially outperformed BoT-SORT, the best-performing traditional multi-object tracking
method in our experiments, when both used the same object detector, feature embed-
dings, and species classifier. Our results indicate that the learned association mech-
anism used to link bounding boxes across images is better suited to handle the large
temporal gaps and appearance variations present in camera trap image sequences. This
is further supported by the ablation study, which showed that PuTR-CouT performed
better when relying solely on the transformer-based learned association mechanism
than when using an affinity matrix incorporating geometric cues, as originally pro-
posed in PuTR.

Regarding high-dimensional representations, we replaced the raw pixel inputs
used in PuTR with feature embeddings generated by MegaDescriptor or the species
classifier. Our results showed no significant difference between using a re-identification
(ReID) model and task-specific representations produced by the classifier. However,
none of the evaluated models were explicitly trained to generate embeddings that cap-
ture consistent representations of animals across images in the iWildCam 2021 dataset.

Moreover, our experiments do not allow us to determine whether these repre-
sentations are superior to using raw pixel inputs. This leaves open the question of
whether a model specifically trained for feature representation could further improve
PuTR-CouT. Such a model could be trained using the same synthetic dataset, for ex-
ample by encouraging embeddings of bounding boxes belonging to the same track to
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be similar.
Another observation is that the iWildCam 2021 dataset contains issues that may

affect temporal coherence, such as sequences formed by mixed bursts, out-of-order
frames, and missing images. Our ablation study showed that these issues negatively
impact the inference of PuTR-CouT, possibly because the method primarily relies on
associating bounding boxes between consecutive frames, which is sensitive to tempo-
ral ordering. This highlights the importance of high-quality data with correct frame
ordering and complete sequences for our proposed approach.

At the same time, this finding exposes a limitation of the method, namely its
reliance on frame-to-frame associations. It would be interesting to explore alterna-
tive approaches that allow the tracker to associate bounding boxes across the entire
sequence, since all frames are available at inference time. This would also make the
causal mask unnecessary.

Another limitation of our proposed PuTR-CouT lies in its classification strategy,
which relies solely on the bounding boxes of individual tracks. In contrast, MaxBox-
Count leverages full-image classification, allowing it to incorporate contextual infor-
mation and improve species recognition. As a result, individuals that are difficult to
classify based on local appearance alone may be more accurately identified by leveraging
full-image context, especially in cases where animals appear in groups, an advantage
that PuTR-CouT currently lacks. Incorporating a similar mechanism into PuTR-
CouT, such as integrating full-image contextual features, could improve classification
performance, particularly in low-confidence scenarios. This could also be beneficial in
cases involving occlusions, barely visible individuals, or juveniles.

As a potential improvement to training PuTR-CouT, more advanced data aug-
mentation strategies could be applied to the training sequences. While the current
approach enables efficient training using precomputed embeddings, online augmenta-
tion could increase data variability and improve robustness. However, this would re-
quire computing embeddings and possibly generating bounding boxes during training,
increasing computational cost.

Overall, our findings suggest a promising direction for counting animals in camera
trap image sequences using a counting-by-tracking formulation. Our synthetic dataset
generation enabled PuTR-CouT to learn association mechanisms, achieving compet-
itive results compared to the current state-of-the-art heuristic, MaxBoxCount, while
still leaving substantial room for improvement. Future work could focus on improving
synthetic training data generation, including the creation of realistic composite scenes
that better model interactions among multiple individuals; enhancing representation
learning; and incorporating contextual information into the classification model, among
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other directions.
Additionally, our tracker could be used to assist in the generation of track an-

notations. Instead of relying solely on expensive manual labeling, it could provide
precomputed tracks that human annotators would only need to correct, thereby reduc-
ing annotation effort.

6.7 Final remarks

Counting animals in camera trap image sequences is a challenging task, particu-
larly when count labels are unavailable, as is the case for most public datasets. In
this chapter, we introduced PuTR-CouT, a counting-by-tracking approach built on
a transformer-based multi-object tracker with learned association. The method was
trained using a synthetic dataset generation strategy that exploits structural priors in
camera trap sequences, within a weakly supervised setting.

We evaluated our approach against traditional multi-object trackers and the state-
of-the-art heuristic MaxBoxCount. The results show that PuTR-CouT achieves com-
petitive performance while offering key advantages: unlike MaxBoxCount, it inherently
supports counting multiple species within the same sequence and provides track-level
outputs that make the estimated counts easier to inspect and verify.

In our experiments, we also improved MaxBoxCount using recent model innova-
tions, achieving an 18.5% relative improvement over the winning solution of the iWild-
Cam 2021 challenge, on which we base our evaluation. Under the same base models,
PuTR-CouT achieved competitive results, though with substantial room for improve-
ment. In contrast, further gains in MaxBoxCount largely depend on improvements in
detection and classification.

Future work on PuTR-CouT can follow several directions: enhancing the syn-
thetic data generation process to better reflect species and count distributions; im-
proving embedding learning to produce more consistent representations for bounding
boxes belonging to the same sequence; and incorporating contextual information into
the classifier, rather than relying solely on cropped regions.

In the next chapter, we highlight the main contributions of this thesis to re-
search on the automated analysis of camera-trap data and outline future directions
and opportunities for innovation in machine learning and computer vision driven by
the challenges inherent to this domain.
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Conclusions

The automated analysis of camera-trap data presents a variety of challenges that not
only complicate the task but also create unique opportunities for innovation in com-
puter vision. This thesis adopted the perspective that these challenges should be viewed
not as obstacles to be overcome, but as drivers for the development of new methods.

Consequently, the main objective of this work was to investigate how the inherent
constraints of camera-trap data can serve as catalysts for robust and efficient wildlife
monitoring solutions. Following an application-driven approach, this research used
these constraints to identify research questions and motivate methodological choices.
Therefore, this thesis focused on three main tasks: filtering empty frames, long-tailed
species classification, and animal counting across image sequences. The following sec-
tions summarize the main findings, limitations, and directions for future research.

Filtering empty frames. For the task of filtering empty frames, we investigate
deployment on edge devices, where computational resources are limited and acquiring
bounding-box annotations can be costly, particularly for small-scale projects. Within
this setting, we conducted a systematic comparison of detection and classification mod-
els under different computational and data regimes. The results show that detection
models achieve higher filtering performance when trained under the same data regime.
However, when the cost and availability of annotations are taken into account, classi-
fication models trained with a larger set of image-level labels can achieve comparable
filtering performance to detection models trained with fewer bounding-box annotations,
while requiring lower inference latency on edge devices.

These findings provide empirical support for Hypothesis 1 and highlight the im-
portance of considering both annotation cost and computational efficiency when se-
lecting models for resource-constrained wildlife monitoring applications.

111
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Long-tail classification. Although species classification in camera-trap data
has been widely studied, handling long-tailed distributions remains challenging, par-
ticularly because rare species are often of greater ecological importance, while strong
performance on frequent classes must still be preserved.

To address this challenge, we proposed the Square-Root Sampling Branch (SSB),
a framework that aggregates predictions from independent classification heads trained
under different data distributions. The results support Hypothesis 2, showing that this
design improves performance on tail classes while maintaining comparable accuracy on
head classes relative to single-branch approaches. In addition, the systematic evalua-
tion of long-tail learning strategies across multiple datasets and architectures provides
empirical evidence on the effectiveness of different approaches for long-tailed species
classification.

Importantly, although the design of SSB is not specific to camera-trap data, its
effectiveness in other imbalanced classification problems has yet to be evaluated.

Counting individuals. The counting task is the most challenging among the
three, as existing solutions are largely based on maximum bounding-box counts and
are typically limited to single-species prediction, while recent work has also explored
tracking and individual re-identification. However, large object displacements caused
by low frame rates make classical tracking methods unreliable. In addition, tracking
and counting annotations are often absent in camera-trap data, requiring approaches
that can learn without explicit labels.

To address this challenge, we developed a counting-by-tracking approach to test
the hypothesis that a tracking method with a learned association mechanism can im-
prove robustness under low-frame-rate conditions. Our solution, PuTR-CouT, is built
on a transformer architecture and trained using a weakly labeled dataset constructed
from camera-trap priors. It achieves competitive results while enabling multi-species
estimation. These findings support the use of learned association mechanisms for track-
ing in low-frame-rate scenarios, where object motion is sparse and discontinuous.

Taken together, the results across the three tasks illustrate how the constraints
of camera-trap data can inform the formulation of research questions and the design
of computer vision methods. Rather than simply restricting methodological options,
characteristics such as limited deployment hardware, long-tailed distributions, and low
frame rates motivated specific methodological choices throughout this thesis. The re-
sulting solutions have proven effective for the wildlife monitoring settings investigated
in this work, while their applicability to other real-world scenarios remains to be es-
tablished.
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7.1 Limitations

Despite the contributions presented in this thesis, some limitations must be acknowl-
edged. These limitations are primarily related to experimental design choices and
inherent challenges of camera-trap data, and they highlight important directions for
future research:

• Although the Raspberry Pi has been the most commonly used platform in the
literature due to its low cost, evaluating edge-device performance solely on this
hardware for filtering empty frames overlooks devices with specialized accelerators
(e.g., GPUs, EdgeTPUs, DSPs), thereby limiting generalization.

• In our edge evaluation, computational cost was measured indirectly via inference
latency and memory optimization. However, metrics such as power consumption
and processor utilization may be more relevant depending on the application.

• This work lacks an evaluation of how the proposed methods can be integrated
into existing pipelines for the automated analysis of camera-trap data.

• Hyperparameter choices were not fully optimized due to the need for controlled
comparisons, potentially underestimating model performance.

• The proposed counting-by-tracking approach relies on synthetic data that does
not fully capture species behavior, co-occurrence, and realistic count distribu-
tions. It is also highly dependent on the static nature of camera-trap data and
the specific animal context.

• The counting framework depends on strong detection and classification models,
and its performance is therefore limited by their accuracy.

• The counting approach was evaluated in a multi-species camera-trap setting with-
out ground-truth tracking annotations. Although datasets such as GorillaWatch
provide tracking and re-identification annotations, they focus on specific species
and scenarios. Evaluating the proposed approach on independently annotated
tracking datasets would help assess its generalization beyond the synthetic train-
ing setting.

7.2 Future Directions

Given the findings of this thesis and considering its limitations, several directions can
be explored to further improve the proposed methods and their applicability.
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In the context of edge deployment, future work may investigate stronger model
optimization techniques such as knowledge distillation, model pruning, quantization-
aware training, and architecture search for edge environments, as well as evaluation on
specialized hardware such as Edge GPUs and DSPs.

Generative image models, particularly diffusion models, could be explored to
generate images of rare species under diverse environmental and contextual conditions,
helping to mitigate data scarcity and improve long-tail classification.

Vision-language models (VLMs) represent another promising direction, partic-
ularly in few-shot and zero-shot settings, where visual recognition can benefit from
semantic knowledge encoded in pre-trained multimodal representations. However, this
thesis prioritized specialized and computationally efficient methods, and evaluating
VLMs was outside its scope. Future work could therefore investigate their ability to
improve rare species recognition while preserving performance on head classes, as well
as assess the trade-off between accuracy and computational cost in practical wildlife
monitoring scenarios.

The proposed counting-by-tracking framework could benefit from improved rep-
resentation learning, including models explicitly trained for re-identification. Future
work should also evaluate the framework on datasets with reliable ground-truth track-
ing and counting annotations, such as GorillaWatch, while reproducing the low frame-
rate sampling conditions of camera-trap data. By progressively subsampling annotated
sequences, it would be possible to quantify the impact of sampling frequency on data
association and compare PuTR-CouT with conventional tracking methods under con-
trolled conditions. Using ground-truth detections initially could further isolate the
data association problem from detection and classification errors. Such an evaluation
would help determine whether the robustness of learned association under low frame
rates extends beyond the camera-trap setting.

An important direction is the practical integration of the proposed methods into
existing wildlife monitoring pipelines, such as those based on MegaDetector. Although
the proposed methods were developed and evaluated in camera-trap settings, future
work should investigate their applicability to other real-world computer vision applica-
tions with similar characteristics, such as precision agriculture and insect monitoring.
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A

Heuristic Counting Solution for the
iWildCam 2021 Challenge

In this Appendix, we provide the details of our final submission to the iWildCam 2021
challenge based on the MaxBoxCount heuristic.

As described in Section 6.3.1, the MaxBoxCount consists of two components: an
image burst classifier based on an ensemble of EfficientNet-B2 [150] models, and a
counting heuristic based on the bounding boxes generated by MegaDetectorV4 [13].
In Section A.1, we describe in detail how the classifiers were trained and how the
ensemble aggregation was performed to produce sequence-level predictions. Finally, in
Section A.2, we present the challenge results and include ablation studies to validate
our design choices.

A.1 Species classifier

We trained two species classifiers based on the EfficientNet-B2 architecture: one trained
using full images and another (bbox) trained with square crops containing animals, ex-
tracted from bounding boxes generated by MegaDetectorV4. We chose this approach
following the iWildCam 2020 solutions, where the bbox model can provide better pre-
dictions due to the highlighted animal. On the other hand, the full image model has
been shown to be more effective at classifying images with animal herds. We used only
the provided camera-trap data to train the classifier models.

To train the bbox model, we treated all bounding boxes with a confidence score
equal to or higher than 0.61 as independent training samples and applied square crops

1The threshold of 0.6 for including a bounding box in the training set was selected based on the
held-out validation set from the training data that was used to adjust the training hyperparameters.
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around them, using the size of the largerst bbox side. If no bounding box met this
confidence threshold, we used the full image for that training instance. The image label
was assigned as the bounding box label.

During inference, the species prediction assigned to each image is the weighted
average of the predictions from the bounding box with the highest score, the full image,
and their horizontally mirrored versions, following the approach used by the winning
solution of iWildCam 2020: 0.15 (full image) + 0.15 (mirrored full image) + 0.35
(bbox) + 0.35 (mirrored bbox). To classify a sequence, we average the predictions of
all nonempty images within the sequence.

Handling class imbalance. To address the class imbalance problem inherent
in real-world applications, such as the one represented in iWildCam 2021 dataset, we
applied the Balanced Group Softmax (BAGS) method. Following the original BAGS
papers, we grouped classes into 4 softmax groups based to the number N of training
instances: N < 10, 10 ≤ N < 100, 100 ≤ N < 1000, N ≥ 1000. For each softmax
group, we included the class “others” to represent instances from all classes not included
in that group. During training, for each softmax, we undersampled the "others" cate-
gory to ensure it contained at most eight times the number of instances belonging to
other classes per batch, to prevent it from dominating the softmax. Additionally, we
included a special softmax group for the foreground/background classification. For the
final prediction, we remapped all predictions to the original softmax, ignoring the “oth-
ers” class. As in the original paper, these predictions are not true probabilities since
they do not sum up to one, but we consider the highest value as the BAGS prediction.

Image preprocessing. For image preprocessing, we applied a square crop cen-
tered on the bounding boxes or a random crop of aspect ratio sampled in [3/4, 4/3]

and area in [65%, 100%] for full image, followed by a random horizontal flip and Ran-
dAugment (N=6, M=2). Then, the images were normalized and resized to match the
input dimensions of the network. During the fix train/test resolution stage, we used
inference preprocessing, which consists only of normalizing and resizing the image or
square crop to the input dimensions of the network.

Multi-stage training. We trained the models in multiple stages. First, each
model was trained using the standard softmax with the default input resolution of
EfficientNet-B2 (260 x 260). In the first stage, only the classifier layer was trained for
4 epochs, while the backbone – previously initialized with ImageNet weights – remained
frozen. In the second stage, all layers were unfrozen, and all weights were fine-tuned for
20 epochs. In the third stage, to fix the train/test resolution discrepancy issue [154], we
fine-tuned only the last inverted bottleneck block of the EfficientNet-B2 architecture
and the classifier layer for 2 more epochs. This was done using a higher input resolution
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(380 x 380) and applying the inference preprocessing steps to the images. Afterward,
we removed the plain softmax and trained the BAGS header on top of the backbone,
which was kept frozen. In the fourth stage, the BAGS header was trained for 12 epochs
using training preprocessing with data augmentation at the inference resolution (380
x 380). Finally, in the fifth stage, the BAGS header was fine-tuned for 2 epochs using
inference-time preprocessing. Table A.1 presents a summary of the parameters used.

Table A.1. Training hyperparameters for each stage of the classifiers training.

Weights trained Epochs LR Preprocessing Resolution
Stage 1* Classifier layer 4 0.01 Training 260 x 260
Stage 2 All 20 0.01 Training 260 x 260
Stage 3 Last block and classif. 2 0.001 Inference 380 x 380
Stage 4 BAGS header 12 0.01 Training 380 x 380
Stage 5 BAGS header 2 0.001 Inference 380 x 380

* For the bounding box model only.

Implementation details. To adjust the training hyperparameters, we held out
a validation set from the training set based on the locations. However, to train the
final models, we used all images available in the original training set. The models were
initialized with ImageNet weights and trained with a batch size of 32 using SGD with
an initial learning rate of 0.01 (0.001 during the fix train/test resolution stages) and
momentum of 0.9. The learning rate was linearly warmed up from 0 to the initial value
over one-third of the steps in the first epoch of each training stage, and then decayed
to 0 following the cosine schedule. We also applied label smoothing with a value of 0.1.

A.2 Results

The iWildCam 2021 challenge used the mean columnwise root-mean-squared error
(MCRMSE), described in subsection 2.8.3, to evaluate solutions for counting animals
in camera traps. Table A.2 presents the final standings based on the private score,
which was calculated using 50% of the test set. Our approach was ranked first in the
challenge out of 42 teams that entered the competition.

As stated by the competition organizers [11], the MCRMSE metric tends to be
a small number even when the error in counts is large. This occurs because camera
traps typically have a small number of individuals and because the model is double
penalized for both species and counting errors. The organizers provided some simple
baselines, which we specify in Table A.2 for comparison purposes. One baseline uses
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Table A.2. The iWildCam 2021 final results on the private test set.

Solution Private score
1st place (ours) 0.0293278
2nd place 0.0293786
3rd place 0.0308570
4th place 0.0308756
5th place 0.0336513
6th place 0.0339028
Baseline - iWildCam 2020 Winner 0.0348171
7th place 0.0376347
8th place 0.0383956
Baseline - All zeros 0.0385147

the iWildCam 2020 winner’s species predictions combined with the maximum number
of bounding boxes with confidence score higher than 0.8 across the sequence – in line
with our solution. The all zeros baseline predicts zero for all instances, which performs
surprisely well. This highlights how challenging this counting problem is, given its
inherent conditions.

We present an ablation study to demonstrate the effectiveness of certain design
choices in our heuristic solution, as shown in Table A.3. This study considers only
the species classifier at the image level used for the final submission. A well-known
approach to improving classification predictions is using test-time augmentation; in
our solution, we added a horizontal flip to both full image and bbox models. We also
found that averaging the species predictions across images in a sequence provides better
performance than the majority voting approach. Finally, we used a threshold of 0.8 for
counting MegaDetectorV4 bounding boxes, as proposed by the organizers. We initially
used 0.9 during the competition but found that it discarded too many valid bounding
boxes.

Table A.3. An ablation study of our iWildCam2021 solution. The bold line represents our
final solution.

Test-time aug. Seq. aggreg. MDv4 threshold Private score
- Voting 0.9 0.0314948
Horizontal flip Voting 0.9 0.0305960
Horizontal flip Average 0.9 0.0294853
Horizontal flip Average 0.8 0.0293278
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