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Abstract

Wildlife monitoring is crucial for studying biodiversity loss and climate change. Camera trap images provide a non-intrusive
method for analyzing animal populations and identifying ecological patterns over time. However, manual analysis is time-
consuming and resource-intensive. Deep learning, particularly foundation models, has been applied to automate wildlife
identification, achieving strong performance when tested on data from the same geographical locations as their training sets.
Yet, despite their promise, these models struggle to generalize to new geographical areas, leading to significant performance
drops. For example, training an advanced vision-language model, such as CLIP with an adapter, on an African dataset
achieves an accuracy of 84.77%. However, this performance drops significantly to 16.17% when the model is tested on an
American dataset. This limitation partly arises because existing models rely predominantly on image-based representations,
making them sensitive to geographical data distribution shifts, such as variation in background, lighting, and environmental
conditions. To address this, we introduce WildIng, a Wildlife image Invariant representation model for geographical domain
shift. WildIng integrates text descriptions with image features, creating a more robust representation to geographical domain
shifts. By leveraging textual descriptions, our approach captures consistent semantic information, such as detailed descriptions
of the appearance of the species, improving generalization across different geographical locations. Experiments show that
WildIng enhances the accuracy of foundation models such as BioCLIP by 30% under geographical domain shift conditions.
We evaluate WildIng on two datasets collected from different regions, namely America and Africa. The code and models are
publicly available at https://github.com/Julian075/CATALOG/tree/WildIng.
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1 Introduction

Camera trap images are one of the most valuable data sources
for wildlife monitoring, playing a crucial role in biodiver-
sity conservation and climate change research (Reynolds et
al., 2024; Gadot et al., 2024; Giraldo et al., 2019). These
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images provide a non-intrusive and scalable way to study
animal populations, track endangered species, and under-
stand ecological patterns over time (Pollock et al., 2025; Li
et al., 2022; Santamaria et al., 2024). By capturing images in
remote locations, camera traps allow researchers to collect
extensive datasets without direct human intervention, making
them an essential tool for ecological studies. Considering the
vast volume of collected images, it is imperative to imple-
ment automatic techniques for the identification of animal
species present within the images.

With the rise of large-scale deep learning models,
researchers have started exploring the use of Foundation
Models (FMs) in wildlife monitoring (Yang et al., 2025b;
Gabeff et al., 2024; Fabian et al., 2023). FMs are trained on
vast and diverse datasets, sometimes containing billions of
data samples, allowing them to learn rich and transferable
representations (Tang et al., 2025; Yang et al., 2025a; Wu
et al., 2024). These models have demonstrated remarkable
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performance across various computer vision tasks, including
image classification, object detection, and semantic segmen-
tation, proving their flexibility and adaptability to different
applications (Luo et al., 2024; Riz et al., 2024; Zang et al.,
2024).

Recently, researchers have begun adapting FMs for cam-
era trap image recognition. Instead of training models from
scratch, current approaches aim to fine-tune (Yang et al.,
2025b) or adjust pre-trained FMs to incorporate domain-
specific knowledge (Fabian et al., 2023). Some methods
introduce adapters, which allow models to specialize in
camera trap images without losing their general knowledge
(Pantazis et al., 2022). Other models apply learning without
forgetting strategies, ensuring that models retain their broad
capabilities while improving performance on wildlife images
(Gabeff et al., 2024). Additionally, some approaches lever-
age external knowledge sources, such as internet databases,
to refine the model’s understanding of specific animal species
and their attributes (Fabian et al., 2023). These strategies aim
to bridge the gap between the general-purpose knowledge of
FMs and the specialized needs of camera trap image recog-
nition.

Despite their impressive performance with in-domain geo-
graphical data (data coming from the same geographical
locations), these FM-based approaches often struggle when
tested on out-of-domain geographical data (training and test
data come from different geographical locations) (Hogeweg
et al., 2024; Norman et al., 2023; Tuia et al., 2022). This
limitation is particularly problematic for camera trap appli-
cations, where the geographical locations differ substantially
from those seen during the training phase (Schneider et al.,
2020; Beery et al., 2018; Gomez-Villa et al., 2017).

We observe that incorporating text into the input represen-
tation for camera trap images helps extract stronger features,
alleviating the geographical domain shift issue. In contrast,
current models depend only on visual features, which are
highly sensitive to changes in data distribution (Fang et al.,
2025; Yu et al., 2023). Furthermore, many of these models
are built on CLIP (Radford et al., 2021), which has shown
a tendency to lose its generalization ability (Wang & Kang,
2025; Liet al., 2025a) and become more susceptible to spuri-
ous correlations (Wang et al., 2024; Kempf et al., 2025) when
the model is fine-tuned. As aresult, CLIP-based models (e.g.,
WildCLIP (Gabeff et al., 2024) and BioCLIP (Stevens et al.,
2024)) that rely solely on visual features often struggle to
recognize images correctly in new geographical locations.
Figure 1 provides an example of these observations, showing
how such geographical variations cause the model’s learned
features to fail in generalizing effectively, leading to misclas-
sifications (Liang et al., 2023; Wald et al., 2021).

In this paper, we introduce the Wildlife image Invariant
representation model for geographical domain shift (Wild-
Ing). Our approach introduces a simple yet effective new
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Fig. 1 Comparison of WildIng and WildCLIP (Gabeff et al., 2024)
under geographical domain shift. Both models are trained on the Snap-
shot Serengeti dataset from Africa (Swanson et al., 2015) and evaluated
on the Terra Incognita dataset from the United States (Beery et al.,
2018). WildIng demonstrates superior performance

representation for wildlife monitoring data to address geo-
graphical domain shifts. This representation consists of
using visual features in addition to text descriptions about
the input images. This approach allows the model to cap-
ture geographical domain-invariant features by leveraging
text descriptions, which remain consistent across different
geographical regions. WildIng consists of three main com-
ponents: a text encoder, which includes a Large Language
Model (LLM); an image encoder; and an image-text encoder,
which incorporates a Vision-Language Model (VLM) and a
Multi-Layer Perceptron (MLP). The MLP is used to address
the domain shift between encoders, caused by the different
feature spaces introduced by the VLM and LLM components
(Duan et al., 2022). An overview of the architecture is pro-
vided in Section 3.2 and illustrated in Figure 2.

To evaluate WildIng, we train our model on one dataset and
testit on another dataset from a different geographical region.
This setup allows us to analyze how well the model adapts to
new environments where differences in background, lighting,
and species composition create geographical domain shifts.
Our results show that WildIng either outperforms or achieves
competitive performance compared to general-purpose and
domain-specific FMs in camera trap image recognition, par-
ticularly when the training and testing distributions differ due
to geographical variations.

In this work, we build upon and improve our preliminary
study (Santamaria et al., 2025). To achieve this, we intro-
duce modifications to the model architecture and perform
additional experiments. More specifically, we replace the
backbone of our model by changing the combination of CLIP
(Contrastive Language-Image Pre-Training) (Radford et al.,
2021) and BERT (Bidirectional Encoder Representations
from Transformers) (Devlin et al., 2019) with Long-CLIP
(Zhang et al., 2024a). Additionally, we modify the class rep-
resentation, using only the information provided by LLMs.
We also evaluate WildIng’s robustness to multiple random
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initializations to analyze the effect of the introduced changes
on its performance. Furthermore, we add new baselines for
comparison. Finally, we perform additional ablation studies
and sensitivity analyses to provide a deeper understanding of
the contribution of each component in our approach.

In summary, our main contributions are:

e Weintroduce a novel WildIng model to represent wildlife
monitoring data, enhancing the extraction of geographi-
cal domain-invariant features.

e When tested on datasets that differ from its training data,
WildIng outperforms previous FMs in recognizing ani-
mal species from camera trap images.

e We conduct a series of ablation studies to validate the
effectiveness of each component in our model.

2 Related Work
2.1 Foundation Models

In recent years, FMs have emerged as a new approach that
achieves remarkable performance across a wide range of
tasks without requiring task-specific training. These models
leverage large-scale pre-training to learn high-level repre-
sentations, leading to significant advancements in the field
of machine learning (Awais et al., 2025; Huang et al., 2024,
Jiang et al., 2023; Touvron et al., 2023). A key advance-
ment in this field was CLIP (Radford et al., 2021), which
introduced a new learning approach by aligning visual fea-
tures with text descriptions. CLIP significantly improved
generalization across different tasks. Later models, such as
Long-CLIP (Zhang et al., 2024a), extend the sequence length
for better contextual understanding. Furthermore, CLIP-
Adapter (Gao et al., 2024), which refines CLIP’s learned
representations using lightweight adaptation layers, contin-
ues to improve the alignment between visual features and text
descriptions. More recently, LLMs and VLMs have demon-
strated strong capabilities in processing and generating both
textual and visual content (Zhang et al., 2024; Abdin et al.,
2024; Li et al., 2023). Examples include GPT-4 (Achiam et
al.,2023) and LLaVA (Liuetal., 2024), which leverage large-
scale datasets to improve language and vision understanding
across various applications.

2.2 Foundation Models for Biology

FMs have been adapted to address domain-specific chal-
lenges, particularly in biological research, where data is often
complex and specialized. Most of the adaptations of FM in
biology are related to processing text, extracting biological
information (Jung et al., 2024; Lam et al., 2024), and model-
ing biological structures (Garau-Luis et al., 2025; Jumper et

al., 2021). Beyond language processing and structural mod-
eling, FMs have also been applied to vision-based biological
tasks. One example is BioCLIP (Stevens et al., 2024), which
extends the principles of CLIP (Radford et al., 2021) to bio-
logical data, enabling the classification of diverse categories
such as plants, animals, and fungi. Unlike general-purpose
vision-language models, BioCLIP integrates structured bio-
logical knowledge and leverages taxonomic information,
improving performance in fine-grained classification tasks
(Stevens et al., 2024).

2.3 Foundation Models for Camera Trap Images

The adaptation of FMs has extended beyond general and
biological applications to camera trap image recognition,
where they play a crucial role in wildlife monitoring and
conservation. One such model is WildCLIP, which leverages
CLIP’s ability to align visual features with text descriptions
to accurately classify animal species in camera trap images
(Gabeffetal.,2024). Similarly, WildMatch introduces a zero-
shot classification framework by generating detailed visual
descriptions of camera trap images and matching them to an
external knowledge base for species identification (Fabian et
al., 2023). Another approach, Eco-VLM, enhances models
that align visual features with text descriptions for ecological
applications by fine-tuning on wildlife-specific datasets and
applying text augmentation techniques (Yang et al., 2025b).
In contrast to models that align visual features with text
descriptions, a more traditional deep learning approach was
proposed by Gadot et al. (2024), who explored large-scale
training for EfficientNetV2-M (Tan & Le, 2021), a CNN-
based architecture.

While previous methods have significantly improved cam-
era trap image recognition in geographically in-domain
evaluation, they still struggle when applied to different geo-
graphical regions and unseen species (Zhu et al., 2024,
Simoes et al., 2023; Gadot et al., 2024). To address this
limitation, our proposal introduces a more robust repre-
sentation for wildlife monitoring data. It leverages detailed
descriptions from a VLM to incorporate semantic invariant
features, which are then used together with image fea-
tures. Furthermore, the inclusion of more detailed class
descriptions generated by the LLM improves the alignment
between the input representation and the corresponding class.
This approach improves the input representation, enhancing
robustness to geographical domain shifts.
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Fig. 2 Overview of WildIng. The model integrates image, text, and
image-text encoders along with an LLM. By leveraging text descriptions
and image features, it extracts invariant features, improving robustness
against geographical domain shifts

3 Wilding
3.1 Problem Definition

The objective of this paper is to train a model in an annotated
dataset of camera trap images from a specific geographical
location, denoted as D which consists of Ny image-label
pairs, D = {(xl )i )}1_1, with a set of classes CP. There-
fore, we evaluate the model’s performance on a different
camera trap image dataset from another geographical loca-
tion, denoted as S, which represents a distinct geographical
domain, containing Ny image-label pairs, S = {(xl )i )}l_l,
with a set of classes CS. The set of classes of both datasets may
or may not overlap, meaning that C® NC% may or may not be
empty. Both datasets are derived from the natural world, but
their image distributions differ due to being collected from
different geographical regions, as illustrated in Figure 1. Our
goal is to train a deep learning model using only the training
dataset D and deploy it on the testing dataset S. This setting
is highly practical in camera trap image research because
the data used for testing usually comes from a different geo-
graphical domain than the training data.

3.2 Overview of the Approach
The architecture of our proposed model, WildIng, is illus-

trated in Figure 2. It consists of three main components: 1)
text encoder, ii) image encoder, and iii) image-text encoder.

@ Springer

In the text component, WildIng uses an LLM to extract class-
specific knowledge for each category in our dictionary of
classes, CP. Then, the LLM-generated descriptions are pro-
cessed by the text encoder. The resulting text embeddings
are used to compute class-specific centroids for each class
in CP (Section 3.3). This process produces a single embed-
ding of dimension F. For the image component, the model
uses the image encoder to extract embeddings from a mini-
batch of B images (Section 3.4). In the image-text encoder,
WildIng employs a VLM coupled with a text encoder and
an MLP to compute image-text embeddings from the mini-
batch of images (Section 3.5). Text, image, and image-text
embeddings are matched using a similarity mechanism (Sec-
tion 3.6). Finally, we utilize the output of the similarity
mechanism to compute a contrastive loss, which is used to
train our model (Section 3.7). Most modules in WildIng are
frozen () apart from the image-text encoder (&).

3.3 Text Encoder

To generate textual descriptions for each category in our
dataset, CP, we use an LLM that provides detailed informa-
tion about the animals without requiring expert input. The
prompt used to extract these descriptions from the LLM is
provided in Appendix Appendix A. The LLM generates M,
short descriptions for each class ¢ € CP. WildIng assumes
that this approach introduces more diverse information for
representing each class. The generated descriptions are then
processed by WildIng using the text encoder. To obtain the
final embedding, the model computes the centroid of the
resulting embeddings. Specifically, let P e RMcxF pe
the set of M, embeddings obtained from the LLM-generated
descriptions for class c. The centroid for each class ¢ is com-
puted as:

1
0= - 2P, ()

where Pl.(c) represents the i-th row of P(), corresponding to an
individual textual description embedding. Finally, the output
of the text embedding component in WildIng is a matrix:

ten)]T € RICIXE, )

T=1[t,t,...,

which contains the final embeddings for all classes in CP.
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3.4 Image Encoder
3.4.1 Pre-processing

We employ an object detection model to process our cam-
era trap datasets, aiming to extract image crops that contain
relevant information for analysis.

3.4.2 Image Embeddings

WildIng employs an image encoder to extract feature embed-
dings from cropped images. The images are processed in
mini-batches of size B, where each image is transformed
into an embedding of dimension F using the image encoder.
The output of this stage is a matrix:

V=1[v,va,...,vg]" e REXF )

where v; represents the visual embedding of the i-th image in
the mini-batch. This matrix is used as input for the subsequent
stages of our framework, where text and image embeddings
are aligned and contrasted.

3.5 Image-text Encoder

In the image-text branch of WildIng, we use the mini-batch
of cropped images as input. To generate textual descriptions
of the animals in these images, we utilize an image-text
encoder, as illustrated in Figure 3. This encoder consists of
three main components: a VLM, a text encoder, and an MLP.
First, the VLM generates textual descriptions based on the
input images, using a prompt similar to the one described in
(Fabian et al., 2023) and provided in the Appendix Appendix
A. Therefore, these textual descriptions are processed using
the text encoder. Finally, WildIng applies an MLP to refine the
extracted embeddings by introducing trainable parameters.
As demonstrated in Section 4, incorporating trainable param-
eters improves the model’s performance. However, effective
alignment between the image embeddings and the projected
representations requires a dedicated similarity mechanism
and a contrastive loss function, as detailed in Section 3.6 and
Section 3.7.

The output of the image-text encoder of Wildlng is a
matrix:

L=[L,... 1z e REXF, )

where 1; represents the transformed embedding of the i-th
image description in the mini-batch.

Imag-text. Enc.

VLM |—> | Text Enc. ﬁmm

Fig. 3 Detailed illustration of the image-text module, which consists
of a VLM, a text encoder, and an MLP. This module processes input
images and converts them into image-text embeddings

3.6 Similarity Mechanism

The embeddings from the three types of modalities, text (T),
image (V), and image-text (L), are the inputs for the similar-
ity method. The process incorporates two stages: i) similarity
computation and ii) weighted integration. In the first stage,
WildIng computes the cosine similarities between text and
image embeddings, as well as text and image-text embed-
dings. Specifically, let W e RB*IC”I be the matrix of cosine
similarities between the text and image embeddings, com-
puted as follows:

Vi, t;
G= by << P, 5)
Vil |

where W;; represents the (i, j) item of the matrix, (-, -)
denotes inner product, and | - || is the £> norm of a vec-
tor. Along the same process, WildIng calculates the cosine
similarities between the text and image-text embeddings as
follows:

(i, t)

="t _vi<i<B,1<j<|cP| ©6)
I e

Q;j

where Q € RE~ IC®1 is the matrix of cosine similarities
between the text and image-text embeddings.

Both cosine similarities are combined using a weighted
average between the matrices W and Q, where the weights are
controlled by the hyperparameter & € [0, 1]. Specifically, the
output of the weighted integration is a matrix S € R X|CD|,
defined as follows:

S=aW+ (1 —a)Q. 7

Since @ € [0, 1], the resulting matrix S is a convex combina-
tion of W and Q. As a result, each element S;; in the matrix
is also between 0 and 1.

@ Springer
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3.7 Contrastive Loss

We train our model using a contrastive loss function, £, which
takes the matrix S as input. The loss function is calculated
for each mini-batch as follows:

B
L(S) = % 3 —log ‘Z’Xf’(i ®)
i=1 > =1 exp(Sij/7)
where 1 is a temperature hyperparameter and k is the index
of the class in CP of the ith image in the mini-batch. This loss
function aims to ensure that the embeddings corresponding
to the same species category are brought closer together in
the feature space.

4 Experiments and Results

In this section, we describe the datasets used in this work,
the evaluation protocol, implementation details, results, and
adiscussion of WildIng. We compare our proposal with CLIP
(Radford et al., 2021), CLIP-Adapter (Gao et al., 2024),
Long-CLIP (Zhang et al., 2024a), BioCLIP (Stevens et al.,
2024), WildCLIP (Gabeff et al., 2024), and some adaptations
of Long-CLIP and BioCLIP. Additionally, we conduct abla-
tion studies to analyze the contribution of each component of
WildIng, such as the image encoder, the image-text encoder,
and LLM. We explore the effect of incorporating a template
set to introduce task-specific information and evaluate differ-
ent LLMs to assess their impact on performance. Finally, we
investigate the sensitivity of WildIng to the hyperparameter
« in the similarity mechanism, and to the number of LLM-
prompted sentences in the text encoder. All evaluations are
reported using accuracy, and macro F1-score.

4.1 Datasets

We evaluate WildIng using two publicly available camera
trap datasets from different geographical regions: Snapshot
Serengeti (Swanson et al., 2015), collected in savanna envi-
ronments in Africa using Scoutguard cameras, and Terra
Incognita (Beery et al., 2018), collected in the southwest
of the United States, where the predominant environment
is semi-arid desert and pinyon—juniper woodland (Archer &
Predick, 2008). Information about the specific camera trap
models used in the Terra Incognita dataset is not specified.
This dataset presents several visual challenges, such as poor
illumination (especially at night), motion blur due to low
shutter speed, occlusions from vegetation or frame edges,
and forced perspective when animals appear very close to the
camera. Examples of cropped images from these datasets are
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Fig.4 Cropped images from the Snapshot Serengeti and Terra Incog-
nita datasets where we observe the geographical domain shift and the
difference in classes (different taxonomic groups)

shown in Figure 4 and their class distributions are shown in
Figure 5 and Figure 6.

e Snapshot Serengeti (Swanson et al., 2015). We use the
version of the Snapshot Serengeti dataset adopted in
WildCLIP (Gabeff et al., 2024), which consists of 46
classes. This dataset version contains 380 x 380 pixel
image crops, generated by the MegaDetector model from
the Snapshot Serengeti project, using a confidence thresh-
old above 0.7. Only images containing single animals
were selected. The dataset includes a total of 340, 972
images, with 230, 971 for training, 24, 059 for valida-
tion, and 85, 942 for testing.

e Terra Incognita (Beery et al., 2018). This dataset con-
sists of 16 classes and introduces two testing groups:
Cis-locations and Trans-locations. Cis-locations contain
images similar to the training data, while Trans-locations
feature images from different environments. These par-
titions were originally designed to assess the robustness
of computer vision models in an in-domain evaluation
setting. We filter the images in this dataset using the
MegaDetector model from the PyTorch-Wildlife library
(Hernandez et al., 2024). The dataset contains a total of
45, 912 images, distributed as follows: 12, 313 for train-
ing, 1, 932 for Cis-validation, 1, 501 for Trans-validation,
13, 052 for Cis-test, and 17, 114 for Trans-test.
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Serengeti class distribution
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Species
Wildebeest 16.79%
Zebra 15.98%
Gazelle Thomsons 13.92%
Hartebeest 7.61%
Giraffe 5.78%
Warthog 4.87%
Elephant 4.67%
Buffalo 4.64%
Gazelle Grants 3.66%
Impala 3.54%
Hyena Spotted 2.97%
Guinea Fowl 2.37%
Other (34 classes) 13.20%

4

Fig.5 Class distribution of the Serengeti dataset

Terra Incognita class distribution

\
\

Fig.6 Class distribution of the Terra Incognita dataset

Species
Opossum — 24.74%
Raccoon — 13.34%
Rabbit — 10.61%
Coyote — 9.70%
Cat —8.97%
Bobcat — 8.65%
Dog — 5.44%
Squirrel —4.91%
Bird — 3.64%
Skunk — 1.38%
Rodent — 1.01%
Deer — 0.33%
Other (4 classes) — 7.29%

[

4.2 Evaluation Protocol

We conduct two experiments to assess the performance of
our model in comparison to state-of-the-art (SOTA) meth-
ods. In the first experiment, we use the Snapshot Serengeti
dataset for training and validation and the Terra Incognita
dataset for testing. This cross-dataset setup allows us to eval-
uate the model’s performance under geographical domain
shift, i.e., geographical out-of-domain evaluation. Formally,
we define D as the Snapshot Serengeti dataset and S as the
Terra Incognita dataset. Snapshot Serengeti was collected
in various protected areas in Africa, whereas Terra Incog-
nita originates from the southwest of the United States. This
experimental setup introduces two key challenges: i) a dis-
tribution shift between the datasets D and S (geographical
domain shift), and ii) a discrepancy in the set of classes, where
CP +# C5. These challenges are illustrated in Figure 4. Due
to the difference in class sets, closed-set SOTA methods can-
not be used for comparison. We report accuracy results on
the Cis-Test and Trans-Test subsets of Terra Incognita.

In the second experiment, we modify our problem defi-
nition from Section 3 and use the same dataset for training,
validation, and testing to evaluate the model without the chal-
lenges introduced by the geographical domain shift and novel
classes, i.e., under in-domain evaluation. Specifically, we
train and evaluate the model on either the Snapshot Serengeti
or the Terra Incognita datasets. This approach allows us to
assess the model’s accuracy and robustness within a consis-
tent domain.

4.2.1 Implementation Details

For pre-processing, we employ the MegaDetector model
(Beery et al., 2019). Wildlng is implemented using the 3.5
version of ChatGPT for the LLM, the LongCLIP-B version
of Long-CLIP for the text and image encoder, and the 1.5-
7B version of LLaVA for the VLM. For training our model
in both experiments, we set T = 0.1. The MLP architec-
ture for the first experiment consists of a single hidden layer
with a dimension of 793 and employs the Rectified Linear
Unit (ReLU) as the activation function. Additionally, a skip
connection is implemented between the input and output lay-
ers. Additionally, we train the model for 30 epochs and set
o = 0.5. Optimization is performed using the Stochastic
Gradient Descent (SGD) algorithm with a learning rate of
0.09, a momentum of 0.80, and a batch size of 128. We per-
form our experiments on GPUs Tesla P100-PCIE-16GB.

In the second experiment, we fine-tune Wildlng by
unfreezing the image encoder and adjusting key hyperpa-
rameters, including the « = 0.6. Specifically, we use a batch
size of 256 and train the model for 57 epochs using SGD with
a momentum of 0.82 and a learning rate of le—3. For the
Snapshot Serengeti dataset, we apply an MLP with a single
hidden layer with 256 dimensions. For the Terra Incognita
dataset, we set an MLP with a single hidden layer of 733
dimensions. Early stopping is applied with a patience of 5
epochs.

To optimize the hyperparameters, we use arandom search.
Furthermore, we evaluate the best hyperparameter combina-
tion using 100 different random seeds for the first experiment
and 3 random seeds for the second experiment. For details
on the search space and additional information, please refer
to Appendix Appendix B.

4.3 Quantitative Results

4.3.1 Comparison with the SOTA in Out-of-domain
Evaluation

Table 1 presents the zero-shot performance evaluation of
various models trained on datasets such as ShareGPT4V
and Snapshot Serengeti and evaluated on the Cis-Test and
Trans-Test sets of the Terra Incognita dataset. Models such
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Table 1 Zero-shot performance

results of WildIng and other Model Training Cis-Test F1-M Trans-Test F1-M
foundation models on the Terra - 1p OpenAl data 39.14 0.39 34.67 0.32
Incognita dataset
(Out-of—domain eVa]uatiOn). All LOHg-CLIP ShareGPT4V 42.41 0.41 37.55 0.34
methods are trained on data BioCLIP TREEOFLIFE-10M 21.12 0.20 14.53 0.15
j‘rilffetf)em fron; tgé te}f} iéllFaECLd CLIP Adapter Snapshot Serengeti 27451084 0251003  16.174337 0.1840.03
e best method is highlighte .
in bold, and the secor;gd-bist is Long-CLIP Adapter Snapshot Serengeti 30.4041.58 0.28+0.02 18.7341.54 0.1940.02
underlined. Results are reported BioCLIP Adapter Snapshot Serengeti 14.2143.30 0.1240.03 8.59+43.02 0.08.+0.01
in accuracy (%) and macro F1 WildCLIP Snapshot Serengeti 41.6240.40 0.39+0.01 37.5240.42 0.3140.01
score (F1-M) WildCLIP-LwF Snapshot Serengeti  43.67.,,, 040,00 40171005 034.0,;
WildIng (ours) Snapshot Serengeti 50,06, 39 0.43.10.01 3996, g9 0.360.01

Table 2 Performance comparison in Snapshot Serengeti (in-domain
evaluation). All models use the ViT-B/16 backbone. The best method
is highlighted in bold, and the second-best is underlined. Results are
reported in accuracy (%)

Model Loss Function Test

Linear Probe CLIP Cross-entropy 84.84 040
CLIP Adapter Contrastive 84.77+0.26
Long-CLIP Adapter Contrastive 83.974+1.03
BioCLIP Adapter Contrastive 80.47+9.89
WildCLIP Contrastive 68.7310.08
WildCLIP-LwF Contrastive 69.53.10.02
WildIng (ours) Contrastive 90.74+0.05

as CLIP, BioCLIP, and Long-CLIP (first three rows) are
reported without their standard deviation, as we used the pre-
trained models provided by the authors of each model.

For the remaining cases, we report the results obtained
by training the model with 100 different random seeds. The
results indicate that CLIP, trained on OpenAl data, achieves
a Cis-Test accuracy of 39.14% and a Trans-Test accu-
racy of 34.67%, while Long-CLIP, trained on ShareGPT4V,
improves these metrics to 42.41% and 37.55%, respectively.
BioCLIP, despite being trained on TREEOFLIFE-10M,
struggles to generalize to the Terra Incognita dataset, achiev-
ing only 21.12% on Cis-Test and 14.53% on Trans-Test.
Based on CLIP Adapter (Gao et al., 2024), we evaluate
this strategy and extend it to Long-CLIP and BioCLIP.
The results for these adapter-based models show lower
performance compared to models without adapters. Specif-
ically, the original CLIP Adapter achieves an accuracy of
27.45% in Cis-Test. The Long-CLIP Adapter and BioCLIP
Adapter variants obtain 30.4% and 14.21% accuracy in Cis-
Test, while their Trans-Test accuracies are 16.17%, 18.73%,
and 8.59%, respectively. Overall, these results suggest that
adapter-based models are highly domain-specific and further
widen the gap between domains compared to the original
architectures.
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WildCLIP and its Learning without Forgetting (LwF)
variant, both trained on Snapshot Serengeti, show better per-
formance, achieving 41.62% and 43.67% on Cis-Test, and
37.52% and 40.17% on Trans-Test, respectively. Our pro-
posed method, WildIng, outperforms all previously evaluated
models on Cis-Test, achieving 50.06% accuracy, and obtains
the second-best accuracy on Trans-Test with 39.96%, demon-
strating its effectiveness in geographical out-of-domain eval-
uation. Furthermore, the macro F1 scores highlight that
WildIng is less biased toward majority classes (see Fig. 6
for the class distribution of Terra Incognita), this behav-
ior is observed in both test sets (Cis-Test and Trans-Test).
WildIng is the only model that improves the macro F1 score
relative to its base model (LongCLIP in our case), increas-
ing it from 0.41 to 0.45 on Cis-Test and from 0.34 to 0.37
on Trans-Test. These results highlight that WildIng not only
generalizes well across domains, but also improves per-class
performance despite being trained on a highly imbalanced
dataset such as Snapshot Serengeti (see Fig. 5).

In addition, the standard deviation of our proposal is com-
parable to that of SOTA models such as CLIP Adapter,
Long-CLIP Adapter, and BioCLIP Adapter. These results
highlight the advancements of WildIng in learning geo-
graphical domain-invariant representations and improving
open-set recognition. By leveraging additional semantic
information to represent the input, WildIng surpasses pre-
vious SOTA models in handling geographical domain shifts
and recognizing unseen classes.

4.3.2 Trainable Parameters and Computational Cost

In our comparison of trainable parameters, we exclude the
zero-shot models CLIP, Long-CLIP, and BioCLIP, since
these models are not trained as part of this work. WildIng has
a total of 813,339 trainable parameters. This is significantly
lower than the WildCLIP and WildCLIP-LwF models, which
have approximately 86 million trainable parameters. This
difference is because those models unfreeze the CLIP image
encoder during training. Nevertheless, WildIng achieves best
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performance in out-of-domain evaluation on the Cis-Test
set, with an accuracy of 50.06% and ranks second on the
Trans-Test set with an accuracy of 39.96% (see Table 1).
On the other hand, the adapter-based models (CLIP Adapter,
Long-CLIP Adapter, and BioCLIP Adapter) have the small-
est number of trainable parameters, with 262,914. However,
these adapter-based models achieved the worst performance,
as shown in Table 1. Finally, it is clear that WildIng offers a
good trade-off between model complexity and performance.

For computational cost, training the full model of Wild-
Ing on the Snapshot Serengeti dataset takes around 30
minutes using a single Tesla P100-PCIE-16GB GPU. For
comparison, training the standard version of WildCLIP (Gab-
eff et al., 2024) in the same dataset on A100-PCIE-40GB
takes 13.4 hours. For that reason, it is clear that our proposal
offers a lightweight alternative for addressing geographical
domain shift, instead of training a large model such as Wild-
CLIP.

4.3.3 In-domain Performance Comparison in the Snapshot
Serengeti Dataset

Table 2 shows a comparison of multiple models trained in the
Snapshot Serengeti dataset. The Linear Probe CLIP model,
trained with a cross-entropy loss, achieves a test accuracy
of 84.84%. Despite this performance, it lacks open vocab-
ulary capabilities due to its supervised training approach.
Among the adapter-based models, the CLIP Adapter, Long-
CLIP Adapter, and BioCLIP Adapter achieve test accuracies
of 84.77%, 83.97%, and 80.47%, respectively. These results
suggest that adapter-based methods are a good option for
in-domain evaluation. WildCLIP achieves a test accuracy of
68.73%, demonstrating moderate performance but perform-
ing worse than both adapter-based models and our method.
The WildCLIP-LwWF variant improves this performance,
reaching 69.53%. The LwF strategy contributes positively to
retaining learned information, but its improvement remains
limited compared to other models like CLIP Adapter and
WildIng. The proposed method, WildIng, achieves the high-
est test accuracy of 90.74%, outperforming all previously
evaluated models while maintaining a low standard devia-
tion.

4.3.4 In-domain Performance Comparison in the Terra
Incognita Dataset

Similar to Section 4.3.3, Table 3 presents a comparison of
different models in the geographical in-domain evaluation.
All models in this comparison are trained and evaluated on
the Terra Incognita dataset.

The Linear Probe CLIP model achieves a Cis-Test accu-
racy of 78.09% and a Trans-Test accuracy of 67.23%. Among
the adapter-based methods, the CLIP Adapter, Long-CLIP

Table 3 Performance comparison in Terra Incognita (in-domain eval-
uation). All models use the ViT-B/16 backbone. The best method is
highlighted in bold, and the second-best is underlined. Results are
reported in accuracy (%).

Model Cis-Test Trans-Test
Linear Probe CLIP 78.0910.34 67.23 1231
CLIP Adapter 79.4511 21 69.1042.70
Long-CLIP Adapter 79111047 69.154133
BioCLIP Adapter 77.0941.19 63.4510.85
WildCLIP 91.7040.21 84.47 124
WildCLIP-LwF 88.93 6.0 82.91 901
WildIng (ours) 84. 10;&303 75 ‘80:&5‘33

Adapter, and BioCLIP Adapter achieve Cis-Test accuracies
of 79.45%, 79.11%, and 77.09%, respectively, while their
Trans-Test accuracies are 69.10%, 69.15%, and 63.45%.
These results indicate that adapter-based models provide
competitive performance in in-domain evaluation.

WildCLIP achieves a Cis-Test accuracy of 91.70% and
a Trans-Test accuracy of 84.47%, demonstrating the highest
performance among all evaluated models. The LwF variant of
WildCLIP slightly underperforms its base version, reaching
a Cis-Test accuracy of 88.93% and a Trans-Test accuracy of
82.91%.

The proposed method achieves a Cis-Test accuracy of
84.10%, outperforming the adapter-based models and the
Linear Probe CLIP. In the Trans-Test scenario, Wildlng
achieves 75.80%, showing competitive performance but
lower than WildCLIP and WildCLIP-LwF. However, we
observe a significant increase in the standard deviation due
to the smaller size of the Terra Incognita dataset, which
limits the robustness when evaluated with only three ran-
dom seeds. This effect is further amplified by unfreezing
the image encoder and fine-tuning it in this experiment. It is
well known in the domain generalization literature that there
is an inherent trade-off between improving accuracy on a
specific domain and achieving effective domain alignment
for generalization across domains (Nguyen et al., 2022; Yu
et al., 2024). To address this limitation, few-shot adaptation
and training-free methods could be explored to reduce the
dependence on large datasets (Zhang et al., 2022; Zanella &
Ben Ayed, 2024; Bendou et al., 2025). In future work, we will
explore these approaches, as their investigation falls beyond
the scope of the current study.

4.4 Ablation Studies

We conduct several ablation studies on (i) the impact of incor-
porating a template set to introduce task-specific information;
(ii) the impact of the image encoder, the image-text encoder,
and the LLM; and (iii) the influence of different LLMs on per-
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Impact of the template set on acc

Table 4 Ablation studies for performance variations for different

60
J— Cis Test design choices of WildIng. All models are trained on Snapshot Serengeti
T Test and evaluated on Terra Incognita (out-of-domain evaluation). The best
557 tans-.es combination is highlighted in bold, and the second-best is underlined.
Results are reported in accuracy (%)
L 301 Img Enc Img-txt Enc LLM Cis-Test Trans-Test
>
845 4 X X 46.67 37.18
3 v X v 40.32 39.11
< 40/ X v X 2W8.14irs53 21724170
X v v 33.57 4281 26.6642.96
351 v v X 47.62, 539  38.9641 50
v v v 50.06- 39 39.961 39
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B Value

Fig. 7 Evaluation of the template set contribution to the Wildlng in
out-of-domain performance

formance. This analysis is conducted for the out-of-domain
evaluation.

4.4.1 Evaluating the Incorporation of a Template Set

We evaluate the impact of using a predefined template set
to describe the dataset categories, following the original
configuration used in CLIP (Radford et al., 2021). This
approach aims to incorporate task-specific information cap-
tured by the template set and serves as a potential alternative
to LLM-generated descriptions in scenarios where their use
is impractical or computationally expensive. The template
set adds context to the descriptions by specifying that the
images were captured by camera traps. For example, a tem-
plate might describe a category as: “A photo captured by a
camera trap of a { }”. For a detailed list of the template set,
refer to Appendix Appendix C.

To integrate template-based descriptions with LLM descrip-
tions, we introduce a hyperparameter B, which controls
the contribution of each source of knowledge to the final
text embedding for each class. For both the template set
and LLM-generated descriptions, we compute the centroid
as defined in equation (1). The final text embedding is
obtained as a weighted combination of these two centroids
t. = (1 — ,B)mic) + ,Bmgc), where mﬁ") represents the cen-
troid of the template-based descriptions, and mgc) represents
the centroid of the LLM-based descriptions. The parameter
B € [0, 1] determines the relative influence of each source.

Figure 7 presents the impact of the template set on model
performance by varying the hyperparameter S. Figure 7
shows that the best results are achieved when § = 1,
which corresponds to excluding the template set from the
text embedding calculation.
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Table 5 Performance comparison with different LLMs. The best com-
bination is highlighted in bold, and the second-best is underlined.
Results are reported in accuracy (%)

LLM Cis-Test Acc(%) Trans-Test
LLAMA 28.8240.84 21.3110.60
Qwen 29.704 0 44 22.88 55
Phi 29.47 1062 19.9610.66
ChatGPT 50.06- 39 39.964 1 39

4.4.2 Image Encoder, Image-text Encoder, and LLM

We evaluate the performance of Wildlng by removing the
image encoder, the image-text encoder, and the textual
descriptions generated by the LLM. Table 4 presents the
geographical out-of-domain evaluation results for Cis-Test
and Trans-Test under different design choices in the model.
Our findings show that the lowest performance occurs when
both the image encoder and LLM-generated descriptions are
removed (third row in Table 4). This setting is equivalent to
setting @ = 0 in (7) and training the model using the camera
trap template set introduced in Section 4.4.1. Under this con-
figuration, the model achieves accuracy scores of 28.14% in
the Cis-Test and 21.72% in the Trans-Test. Similarly, remov-
ing only the image encoder also results in poor performance
(fourth row in Table 4). These results highlight the crucial
role of the image encoder in WildIng, indicating that the
image-text encoder alone cannot fully replace it.

When the image encoder is included, the model shows a
significant improvement, achieving accuracies of 46.67% in
the Cis-Test and 37.18% in the Trans-Test (first row in Table
4). Similar to the configuration in the first row of Table 4,
adding LLM-generated descriptions improves performance
in the Trans-Test, increasing accuracy to 39.11%. However,
in the Cis-Test, the accuracy decreases to 40.32% (second
row in Table 4). These results suggest that while textual
descriptions can be beneficial, their effectiveness depends
on the test dataset and the type of text information used.
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This suggests that using only the image encoder is insuffi-
cient to capture geographically invariant features. Standard
deviations are not reported in the first two rows in Table 4,
as we exclusively used the pre-trained model provided in
Long-CLIP (Zhang et al., 2024a).

When both image and image-text encoders are included,
the model provides more robust results across both test sets
(fifth and sixth row in Table 4). In particular, incorporating
the image encoder, image-text encoder, and LLM-generated
descriptions leads to the highest accuracy, with 50.06% in the
Cis-Test and 39.96% in the Trans-Test. This highlights the
importance of integrating image and image-text embeddings
more effectively to capture relationships between images and
their categorical descriptions, helping to construct invariant
representations against geographical domain shifts.

4.4.3 Evaluating different LLMs

Table 5 shows a comparison of Wildlng when trained
with descriptions generated by different LLMs, including
LLAMA (Touvron et al., 2023), Qwen (Yang et al., 2024),
Phi (Abdin et al., 2024), and ChatGPT. The key difference
among these models is the quality of the generated descrip-
tions for each category.

We observe that WildIng achieves an accuracy of 28.82%
in the Cis-Test and 21.31% in the Trans-Test when trained
with descriptions from LLAMA. Similarly, poor results
are obtained with Qwen and Phi. In contrast, when using
ChatGPT-generated descriptions, the model reaches 50.06%
in the Cis-Test and 39.96% in the Trans-Test. This suggests
that the descriptions generated by ChatGPT are signifi-
cantly better than those produced by the other models in
this specific task. These results highlight the importance of
generating high-quality descriptions that provide the model
with relevant information about each category. More infor-
mative descriptions enhance the model’s ability to distinguish
between different categories, which in turn results in better
performance across both test scenarios.

4.5 Sensitivity to the Hyperparameter a

Figure 8 illustrates how variations in the parameter o between
0 and 1 in (7) affect the performance of WildIng for Cis-Test
and Trans-Test in Terra Incognita for out-of-domain evalua-
tion. We observe that the information from both matrices, Q
and W, is complementary. Figure 8 shows that the optimal
value of « is 0.5, indicating that giving nearly equal impor-
tance to both matrices results in the highest accuracy. When «
deviates from this optimal value, the accuracy declines, sug-
gesting that overemphasizing either matrix leads to a loss of
useful information for classification. This trend is consistent
across both evaluation sets, demonstrating the robustness of

Sensitivity analysis &

60 —4— Cis Test
Trans Test
<50
&
>
g
§ 40
<
30
20 0.0 0.2 0.4 0.6 0.8 1.0
a Value

Fig. 8 Sensibility analysis of the hyperparameter o of WildIng in the
Terra Incognita dataset for out-of-domain evaluation

Sensitivity to the number of LLM-prompted sentences

-
§ 45+
>
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§ 40+
<
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# LLM sentences per class

Fig.9 Evaluation of the sensitivity of WildIng to the number of LLM-
prompted sentences per class

the model when incorporating information from both matri-
ces.

4.6 Sensitivity to the number of LLM-prompted
sentences

The Figure 9 present the performance of WildIng when we
vary M., the number of short description per class ¢ in CP.
We observe a consistent improvement in accuracy with more
descriptions, especially on the Cis-Test split. These results
suggest that WildIng benefits from a larger number of short
descriptions that are diverse and clearly describe each class.

4.7 Limitations

Although FMs have shown promising results in recognizing
animal species in camera trap images, there is still a differ-
ence between their performance on out-of-domain (Table 1)
and in-domain (Table 3) geographical evaluation.
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The animal in the image is a horse. It has a long, slender neck and
a muscular body. The horse has a large head with two prominent
ears, a nose, and a mouth. The eyes are located on the sides of the|
head, and the horse has a mane that runs along its neck. The
horse has a tail that swishes back and forth, and its legs are strong
and muscular. The hooves are cloven.

The animal 1s a large, long-legged creature with a long tail. It has
a sleek, muscular body and a long, pointed head. The eyes are
large and round, and the ears are small and pointed. The nose is
long and narrow, with a black tip. The mouth is small and located
at the end of the long snout. The fur is short and smooth, with a
[shiny appearance.

The animal in the image is a small, furry creature with a round
body and a short tail. It has two large, round ears and two small,
round eyes. The creature has a short, stubby snout and a mouth
with small, sharp teeth. Its fur is dense and covers its entire body,
providing it with a thick layer of insulation against the cold.

The animal's legs are short and sturdy, allowing it to move.

T T T

.....................................................

Fig. 10 Failure cases of the WildIng model in camera trap image classi-
fication. Case a: The VLM generates an incorrect description containing
details that do not match the input image. Case b: A blurry image leads
to a vague and uninformative description. Case c¢: When the inputimage
is highly unclear, the VLM produces a random and unrelated description

Figure 10 illustrates the typical failure cases of WildIng.
These misclassifications arise mostly when descriptions are
inaccurate or ambiguous. To illustrate the model’s sensitivity
to input descriptions, Figure 10 presents three examples:

e In case a, the VLM generates hallucinated details that
are not present in the image. For example, it identifies
the animal as a horse, even though the input image does
not match this description. This results in a completely
incorrect prediction.

e In case b, the input image is blurry and difficult to
interpret. Consequently, the VLM produces a vague
description with minimal useful information. Due to the
lack of context, the model fails to make an accurate pre-
diction.

e In case c, the image is so unclear that the VLM generates
a description unrelated to the input. This random descrip-
tion further misleads the model, leading to an incorrect
prediction.

There are diverse Uncertainty Estimation (UE) strategies
for handling hallucinated or low-quality captions (Li et al.,
2025). Neighborhood consistency can be used to identify
likely unreliable model responses (Khan & Fu, 2024). The
method proposed in (Khan & Fu, 2024) introduces n vari-
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ations of an input prompt to the model (e.g., a VLM) and
expects the evaluated model to produce consistent outputs
for all n cases, highlighting whether the model’s determin-
istic embeddings can effectively handle semantic variability.
Another solution, more on the hidden embeddings of the
model, is proposed in (Mushtaq et al., 2025), which combines
hidden state representations from the model with token-
level uncertainty to obtain a more comprehensive measure
of reliability. In the future, these approaches could be further
explored, as their inclusion may help mitigate issues related
to inaccurate or ambiguous descriptions.

5 Conclusions

In this research, we introduce WildIng, a new model that
presents a geographical invariant representation to mitigate
performance loss caused by geographical domain shifts in
camera trap image recognition. WildIng addresses geograph-
ical domain shifts by leveraging robust features extracted
from the image and image-text encoder while also incorpo-
rating enhanced category descriptions generated by an LLM.
Our extensive experiments demonstrate that WildIng outper-
forms state-of-the-art models in camera trap image classifica-
tion, particularly when there are geographical domain shifts
between the training and testing datasets, all while preserving
its open-vocabulary capabilities.

Appendix A Prompts

In this section, we provide the prompts for the LLM and
LLaVA used in WildIng.

Appendix A.1 Prompt LLM

The prompt used to generate the LLM description of the
animal species follows a structured format based on the
methodology described in (Pratt et al., 2023) and is presented
below.
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You are an Al assistant specialized in biology and
providing accurate and detailed descriptions of animal
species. We are creating detailed and specific prompts
to describe various species. The goal is to generate
multiple sentences that capture different aspects of
each species’ appearance and behavior. Please follow
the structure and style shown in the examples below.
Each species should have a set of descriptions that
highlight key characteristics.

Example Structure:

Badger:

e a badger is a mammal with a stout body and short sturdy
legs.

e abadger’s fur is coarse and typically grayish-black.

e badgers often feature a white stripe running from the nose
to the back of the head dividing into two stripes along the
sides of the body to the base of the tail.

e badgers have broad flat heads with small eyes and ears.

e badger noses are elongated and tapered ending in a black
muzzle.

e badgers possess strong well-developed claws adapted for
digging burrows.

e overall badgers have a rugged and muscular appearance
suited for their burrowing lifestyle.

Appendix A.2 Prompt LLaVA

The prompt used in LLaVA follows the approach described
in (Fabian et al., 2023) and is structured as follows:

SYSTEM: You are an Al assistant specialized in biology
and providing accurate and detailed descriptions of animal
species.\n < image > \n

USER: You are given the description of an animal species.
Provide a very detailed description of the appearance of
the species and describe each body part of the animal in
detail. Only include details that can be directly visible in a
photograph of the animal. Only include information related
to the appearance of the animal and nothing else. Make sure
to only include information that is present in the species
description and is certainly true for the given species. Do
not include any information related to the sound or smell
of the animal. Do not include any numerical information
related to measurements in the text in units: m cm in inches
ft feet km/h kg 1b Ibs. Remove any special characters such
as unicode tags from the text. Return the answer as a single
paragraph.

Appendix B Hyperparameter Search Space

To select the hyperparameters, we performed a Monte Carlo
partitioning of the dataset. We generated three different par-
titions, each created using a different random seed. For each

partition, a subset of the development set (training + val-
idation data) was randomly assigned to the training and
validation sets.

We then conducted a random search over a predefined
hyperparameter space, testing different hyperparameter com-
binations. For each combination, we trained the model on
all three partitions separately and computed the accuracy
for each setting. To determine the final performance of a
configuration, we calculated the mean accuracy and stan-
dard deviation across the three partitions. This process was
repeated 30 times, and the best hyperparameter combination
was selected based on the highest mean accuracy. The search
space included the following hyperparameters:

e Batch size: b € {128, 256}

e Hidden dimension: & € {253 + 60k | k € Z,0 < k <
11}

Learning rate: n € {0.01,0.02, ..., 0.09}
Momentum: m € {0.80,0.82,...,0.98}

e Number of epochs: e ~ /(25, 100) (randomly sampled
between 25 and 100)

Temperature (7): T € {0.1,0.01, 0.001}

a:a €1{0.4,0.5,0.6}

To evaluate the robustness of the selected hyperparam-
eter combination, we further examined its consistency by
computing the standard deviation in test accuracy across 100
different random seeds for the out-of-domain experiments
and 3 different random seeds for in-domain experiments, due
to the fact that in this experiment, we unfreeze the image
encoder and fine-tune it.

Appendix C Templates

In this section, we provide examples of templates specifically
designed for the camera trap image recognition task. These
templates are adapted from the ImageNet templates used in
CLIP (Radford et al., 2021) and are presented below:

e a photo captured by a camera trap of a {}.

acamera trap photo of the { } captured in poor conditions.

a cropped camera trap image of the {}.

a camera trap image featuring a bright view of the {}.

a camera trap image of the {} captured in clean condi-

tions.

acamera trap image of the { } captured in dirty conditions.

e a camera trap image with low light conditions featuring
the {}.

e a black and white camera trap image of the {}.

e acropped camera trap image of a {}.

e ablurry camera trap image of the {}.
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a camera trap image of the {}.

a camera trap image of a single {}.

a camera trap image of a {}.

a camera trap image of a large {}.

a blurry camera trap image of a {}.

a pixelated camera trap image of a { }.
a camera trap image of the weird { }.
a camera trap image of the large {}.

a dark camera trap image of a {}.

a camera trap image of a small {}.

For each template, we replace “{ }" by the specific category
inCP.
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