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Abstract Camera trap is an important non-invasive technique for wildlife monitoring. A typical camera-trap

workflow involves various relevant tasks, such as filtering empty images, classifying animal species and identifying

animal behavior. In this study, we explore the application of large-scale multimodal language models (MLLMs)

for processing camera trap images to perform these three tasks. We evaluate the performance of four state-of-

the-art models across these tasks, precisely BLIP, CLIP, Gemini, and GPT with zero-shot and few-shot learning

methodologies. Our experiments showed several interesting results. First, few-shot learning significantly enhanced

model performance in filtering empty images, with BLIP achieving a much higher accuracy (91.0%) compared

to only 7.61% of its zero-shot counterpart. In the task of animal species classification, Gemini showed strong

baseline performance, reaching 75.89 % of accuracy with zero-shot. In terms of identifying animal behavior, two

scenarios were investigated: using single image or sequences of images. The results indicate that sequence-based

processing improves behavioral analysis, with BLIP attaining the highest accuracy (75.57 %) in this task. In general,

our study emphasizes the limitations of the zero-shot approach in complex tasks while highlights the effective

potential of few-shot and sequence-based learning to address challenging problems such as empty images, and

species misclassifications. These findings demonstrate the efficacy of advanced MLLMs in automating biodiversity

monitoring, offering a scalable and accurate solution for processing large-scale datasets, and advancing conservation

science.
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1 Introduction

Monitoring biodiversity is critical for understanding and pre-

serving ecosystems, especially in the face of escalating envi-

ronmental pressures. Camera traps have become indispens-

able tools for wildlife monitoring, providing rich datasets that

offer insights into species distribution, abundance, and behav-

iors [Yang et al., 2021; Tan et al., 2022; Guo et al., 2024].

These datasets are pivotal for addressing conservation initia-

tives, such as identifying population declines and monitoring

ecological interactions. However, extracting meaningful in-

formation from these datasets poses significant challenges,

such as dealing with data imbalance [Cunha et al., 2023], the

prevalence of empty images [Swanson et al., 2015b], poor

image quality, and errors in species labeling [Iannarilli et al.,

2021; Alencar et al., 2024]. These and other challenges must

be addressed in the camera-trap workflow.

This workflow is a structured process used in biodiversity

monitoring to collect, process, and analyze images captured

by automated cameras in natural environments. It includes

several key tasks essential for extracting ecological informa-

tion. One primary task is filtering empty images [Cunha et al.,

2021; Alencar et al., 2023, 2024], as a significant portion of

the collected data (often up to 83% in some datasets, as in Ele-

phant Expedition for example [Willi et al., 2019]) consists of

non-informative images captured due to false triggers caused

by environmental factors such as wind. Another critical task

is species classification [Vecvanags et al., 2022; Choiński

et al., 2021; Willi et al., 2019; Tabak et al., 2019; Beery et al.,

2018], which involves identifying the species present in an

image, such as distinguishing between a jaguar and a puma.

Additionally, the workflow includes animal behavior identi-

fication [Norouzzadeh et al., 2018], where single images or

image sequences are analyzed to determine behaviors such

as movement, resting, or feeding.

Traditional approaches applied in the camera trap work-

flow, including supervised learning techniques like convo-

lutional neural networks (CNNs), have achieved substantial

progress in some tasks, such as detecting animals and iden-

tifying species [Cunha et al., 2021; Binta Islam et al., 2023;

Vecvanags et al., 2022]. These methods, however, face lim-

itations. They require extensive labeled training datasets,

which are often difficult to obtain for rare species. Moreover,

CNN-based models struggle with complex environmental fea-

tures, such as dense vegetation or low lighting [Alencar et al.,

2023], which obscure animals in images [Vélez et al., 2023].

Consequently, despite their potential, these approaches often

exhibit variable performance across different ecological set-

tings and require human verification to address classification

errors [Vélez et al., 2023].

Zero-shot and few-shot learning approaches offer the op-

portunity to use MLLMs to reduce dependence on extensive
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labeled datasets while integrating visual and textual data for

enhanced contextual understanding [Li et al., 2022; Radford

et al., 2021; Liu et al., 2024]. It has been shown that these

models are able to achieve high performance in some tasks,

such as filtering out empty images, with minimal supervision

[Alencar et al., 2024]. Therefore, it is expected that automat-

ing other key tasks with multimodal AI models can improve

efficiency, reduce manual effort, and enhance the accuracy

of biodiversity assessments in general.

The study presented in this paper aims to explore the po-

tential of four state-of-the-art MLLMs to improve three im-

portant tasks involving camera trap images: filtering empty

images, classifying animal species and identifying animal

behavior. The models investigated are CLIP, BLIP, GPT

(version: GPT4-o), and Gemini (version: Gemini 2.0 flash-

exp). Our work makes a significant contribution to the field

of wildlife monitoring by integrating advanced multimodal

AI methods with the camera trap workflow. This approach

not only addresses long-standing challenges in data process-

ing but also facilitates large-scale biodiversity assessments

with high efficiency and accuracy [Wu et al., 2023; Fu et al.,

2024]. By reducing manual labor and enhancing model per-

formance, we may provide a robust framework for supporting

conservation initiatives and advancing ecological research

[Iannarilli et al., 2021; Vélez et al., 2023]. Our work seeks to

answer the following questions:

• RQ1: How effectively can large-scale MLLMs improve

the accuracy of three key camera trap workflow tasks:

filtering empty images; classifying animal species; and

identifying animal behavior?

• RQ2: What are the comparative advantages and limita-

tions of zero-shot and few-shot learning approaches in

enhancing the performance of MLLMs when handling

complex visual tasks such the three tasks investigated in

this paper?

This paper extends our previous work [Alencar et al., 2024]

with the following new contributions: 1) we broaden the

camera-trap workflow from a single task (empty-image filter-

ing) to a multi-task setting by including species classification

and behavior identification; 2) we evaluate four state-of-the-

art MLLMs under both zero-shot and few-shot paradigms,

while in [Alencar et al., 2024] only three models were in-

vestigated; and 3) we expand the dataset from seasons 1–4

to seasons 1–6 of the Snapshot Serengeti project, providing

a larger and more diverse benchmark. In addition, the ex-

perimental evaluation has been largely revised and extended,

including a detailed class-wise analysis of recall, precision,

and F1 scores, and the analysis of the impact of sequence-

based inputs for behavior recognition. These contributions

go beyond the scope of our previous study and establish a

more comprehensive and reproducible framework for apply-

ing MLLMs to biodiversity monitoring.

The remainder of this paper is organized as follows. Sec-

tion 2 reviews related work, highlighting advancements and

limitations in AI-driven biodiversity monitoring. Section 3

details our methodology, describing the multimodal mod-

els used, datasets, preprocessing steps, and the experimental

setup for the zero-shot and few-shot learning approaches.

Section 4 presents the results, analyzing model performance

across the tasks investigated. Finally, Section 5 concludes the

study, summarizing key insights and outlining potential im-

provements for integrating MLLMs into conservation work-

flows.

2 Related Work

Camera traps are invaluable tools for monitoring wildlife,

enabling the collection of extensive ecological data. Recent

advancements in AI, particularly MLLMs [Wang et al., 2024;

Muhtar et al., 2024; Ma et al., 2024; Driess et al., 2023;

Koh et al., 2024], have been fundamental in dealing with the

challenges involved in the camera trap workflow. This section

reviews key aspects from recent literature, highlighting gaps

that motivated this research.

Most studies on camera trap data focus on a single task,

addressing only one specific challenge of the camera trap

workflow. For instance, Cunha et al. [2021] investigated

empty image filtering to reduce the proportion of images

without animals in large datasets. Similarly, Binta Islam et al.

[2023] concentrated on species classification. In contrast,

Norouzzadeh et al. [2018] conducted a comprehensive study

that tackled three key tasks: empty image filtering; species

classification; and behavior identification. They applied deep

learning models to detect empty images, to identify 48 pos-

sible species, as well as to classify six animal behaviors in

camera trap images. Their results showed that the investi-

gated models performed well on the three tasks, indicating

that AI models can save manual labor significantly, advancing

wildlife behavior analysis.

It is important to note that deep learning methods were em-

ployed in all the aforementioned works. In particular, CNNs

have been widely adopted to accurately perform these tasks.

More recently, however, there is an increasing interest in

MLLMs to take advantage of the capacity of these models to

deal with multimodal data. Most of the approaches integrate

visual and textual data, enhancing the automation and scalabil-

ity of biodiversity monitoring workflows. In the next section,

we describe recent works focused on using large language

models (LLMs) or MLLMs in different tasks of the camera

trap workflow.

2.1 Multimodal models in the camera trap

workflow

The most common task investigated is animal species classi-

fication, as done in [Fabian et al., 2023]. The authors intro-

duce a zero-shot animal species classification framework em-

ploying multimodal foundation LMMs. Their approach uses

instruction tuning on vision-language models to generate de-

scriptive textual representations of animals in camera trap im-

ages. These descriptions are then matched with a knowledge

base of species information, enabling classification without

labeled training data. The study evaluates LLaVA-7B models

on the curated Magdalena Camera Traps dataset. Results

demonstrate that instruction tuning significantly improves

classification accuracy, with the best model achieving 70.12%

micro accuracy, surpassing naive CLIP-based baselines by

over 25%. The results highlight the potential of LMMs for
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species identification in wildlife monitoring, while also iden-

tify key limitations, including high computational costs and

the dependency on comprehensive, high-quality knowledge

bases.

In [Vyskočil and Picek, 2024], the problem of automatic

species categorization is tackled focusing on reducing overfit-

ting to location-specific backgrounds and improving zero-

shot classification. They evaluated state-of-the-art CNN

and Transformer-based classifiers (such as BEiTV2 and Ef-

ficientViT) on three datasets: WCT (New Zealand), CCT20

(USA), and CEF (Europe). Their best-performing approach

combined MegaDetector [Fennell et al., 2022] for object de-

tection with two independent classifiers, reducing the error

by 42% (CCT20), 48% (CEF), and 75% (WCT) compared to

a single classifier. They also tested Segment Anything Model

(SAM) for background removal, but the results indicated

that it slightly reduced classification accuracy. For zero-shot

classification, they explored DINOv2, BioCLIP, BLIP, and

ChatGPT, with DINOv2G achieving near-supervised accu-

racy (Top1: 83.2% CCT20, 87.5% CEF) in an image retrieval

setting using similarity search. Their results reinforce the po-

tential of the zero-shot approach in reducing the need for

dataset-specific retraining, while maintaining high classifica-

tion performance.

In their turn, Gabeff et al. [2024] addressed the problem

of building image captions for animal species identification

using a vision-language model. They developed WildCLIP,

an adaptation of CLIP fine-tuned on wildlife camera-trap data,

incorporating an adapter module to enhance flexibility and

enable few-shot learning of new attributes. Their approach

facilitates open-vocabulary image retrieval, overcoming limi-

tations of traditional classification models that rely on fixed

categories and large labeled datasets. WildCLIP was bench-

marked on the Snapshot Serengeti dataset, demonstrating

improved retrieval of novel attributes compared to standard

CLIP. The model’s performance was quantified using mean

average precision (mAP), achieving 64% for base vocabulary

attributes and 40% for novel vocabulary attributes. Adapta-

tion with few-shot learning improved novel vocabulary re-

trieval to 38%, while also mitigated catastrophic forgetting

through a vocabulary replay loss. Their results highlightWild-

CLIP’s potential in aiding automated wildlife annotation by

enabling more detailed and flexible image queries.

Santamaria et al. [2024] developed CATALOG (Camera

Trap Language-guided Contrastive Learning Model) to tackle

the domain shift problem in species classification in camera-

trap images, where variations in lighting, camouflage, and

occlusions make recognition challenging. Their methodol-

ogy integrates multiple Foundation Models (FMs), including

CLIP, LLaVA, BERT, and an LLM, to extract and align visual

and textual features using a contrastive learning framework.

The model was trained on the Snapshot Serengeti dataset

(340,972 images) and tested on the Caltech dataset (45,912

images), evaluating its performance in both in-domain and

out-of-domain settings. In a zero-shot evaluation, CATA-

LOG achieved 48.59% accuracy on Cis-Test 1 and 41.92%

on Trans-Test 2, significantly outperforming previous models

1Measures in-domain performance—howwell the model performs when

environmental conditions are consistent with the training data.
2Measures out-of-domain generalization—how well the model adapts

such asWildCLIP (40.38% Cis-Test, 38.90% Trans-Test) and

CLIP ViT-B/16 (39.14% Cis-Test, 34.67% Trans-Test). In an

in-domain evaluation, CATALOG reached 90.63% accuracy

on Snapshot Serengeti, surpassing WildCLIP (61.78%) and

WildCLIP-LwF (64.39%). These results highlight CATA-

LOG’s superior ability to generalize across domains and en-

hance species classification in challenging real-world camera-

trap scenarios.

The problem investigated in our previous work [Alencar

et al., 2024] is the application of MLLMs for filtering empty

images. The study evaluates CLIP, BLIP, and Gemini un-

der zero-shot and few-shot learning paradigms, comparing

their performance against a ResNet50-Siamese model tai-

lored for this task. Experiments were conducted on three

datasets: Snapshot Serengeti, Caltech, and WCS. Results in-

dicate that Gemini (zero-shot) achieved the highest accuracy

(86.73%), while BLIP (few-shot) performed competitively, in

some cases surpassing ResNet50. However, zero-shot models

exhibited a notable weakness in misclassifying non-empty

images, underscoring the importance of few-shot adaptation.

The study highlights the capacity of MLLMs in automated

image filtering in ecological research, while also reinforces

challenges, such as high computational cost and sensitivity

to environmental conditions.

Dussert et al. [2024] explored zero-shot animal behav-

ior classification using image-text foundation models. The

study evaluates contrastive learning models (CLIP, SigLIP,

WildCLIP) alongside MLLMs (CogVLM, MobileVLM V2)

for predicting behaviors in camera trap images without fine-

tuning. The models were tested on a dataset of European

fauna, specifically targeting three behaviors (eating, mov-

ing and resting) of three species: chamois, red deer, and roe

deer. The results indicated that CogVLM achieved the highest

accuracy (97.45%), followed by SigLIP (91.14%) and Wild-

CLIP (92.55%), while CLIP underperformed (71.75%). It is

important to mention that, incorporating day-night context

improved accuracy for contrastive models but reduced the

performances of MLLMs. The study highlights the poten-

tial of foundation models for automated behavioral analysis

in wildlife studies, offering a scalable alternative to manual

annotation while maintaining high predictive accuracy.

The scenario observed considering works devoted to ap-

ply LLMs or MLLMs in tasks of the camera trap workflow

is the same observed in previous works that use more tra-

ditional deep learning methods: only one task is dealt with.

Unlike these previous works, Dorm et al. [2025] evaluate the

ecological knowledge and reasoning abilities of GPT-4o and

Gemini 1.5 Pro across five tasks: species presence predic-

tion, range mapping, listing endangered species, threat assess-

ment, and trait estimation. Using expert-derived datasets like

IUCN Red List and AVONET bird traits, the models were

benchmarked against established ecological data. GPT-4o

outperformed Gemini in species presence prediction (78.0%

vs. 70.8%), but both struggled with range maps (F1 scores:

24.7% Gemini, 20.9% GPT-4o) and threat classification, per-

forming only slightly above random guessing. For listing

endangered species, GPT-4o achieved higher recall (20.1%)

than Gemini (18.0%) but still missed many species. While the

to new environments (i.e., domain shift).
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MLLMs showed potential, the study highlights their spatial

inaccuracies, reasoning limitations, and need for domain-

specific fine-tuning to enhance ecological applications.

In this paper, we also address different tasks of the camera

trap workflow. Here, however, except for species classifica-

tion, the tasks investigated are different from those studied

in [Dorm et al., 2025]. Three tasks are dealt with in this

work: filtering empty images; classifying animal species; and

identifying animal behavior. The first two are the most basic

tasks of the camera trap workflow [Leorna and Brinkman,

2022]. The third can also be added to this group, since the

results of these three tasks are often used to determine species

diversity, distribution, abundance, behavior, etc. [Leorna and

Brinkman, 2022]. The methodology employed in this work

is detailed in the next section.

3 Methodology

This study evaluates the performance of four multimodal

models—Gemini, GPT, BLIP, and CLIP—on three tasks

of the camera trap workflow using the few-shot and zero-

shot learning paradigms. The objective is to determine how

effectively these pre-trained models generalize to the three

tasks. Notably, Gemini and GPT were only evaluated using

zero-shot learning due to their closed-loop architecture. All

investigated models are described below.

3.1 Models

Gemini is a multimodal AI model designed to process and

generate both text and image-based outputs. Its architecture

integrates visual and linguistic information, allowing it to

interpret images and respond to prompts effectively [Team

et al., 2023]. While Gemini is capable of learning via prompt

engineering, the methodology discussed in this article focuses

on fine-tuning through model weight adjustments. In this

context, since Gemini is a closed-source model, fine-tuning

can be performed through specific services (e.g., Vertex AI
3), but local fine-tuning on external datasets is not feasible,

limiting its application in this paper to zero-shot scenarios. As

a result, Gemini relies entirely on its pre-trained knowledge

when performing the tasks investigated in our work.

GPT, primarily recognized for its advanced text generation

abilities, has recently evolved to include multimodal function-

alities, enabling it to interpret and generate responses based

on visual inputs [Islam and Moushi, 2024]. Its strength lies

in processing complex textual inputs and generating detailed,

contextually aware responses, making it highly effective for

tasks that demand nuanced language comprehension along-

side basic visual analysis. Similarly to Gemini, GPT operates

as a closed model, meaning local fine-tuning on external

datasets is not feasible, although service-based fine-tuning

options exist.

GPT also supports in-context learning through prompt con-

ditioning with textual and visual examples using the same

API interface employed for zero-shot inference. However,

incorporating in-context examples substantially increases the

3Available at: https://cloud.google.com/vertex-ai/generative-

ai/docs/models/gemini-supervised-tuning-prepare

number of input tokens, leading to higher inference costs and

reduced scalability across large evaluation datasets. For these

reasons, and to ensure a cost-efficient, scalable, and method-

ologically consistent evaluation setting, GPT is investigated

exclusively under the zero-shot learning scenario in this work.

BLIP (Bootstrapped Language-Image Pretraining) is a mul-

timodal model specifically designed for tasks that combine vi-

sual and textual information, such as image captioning, visual

question answering, and image-text retrieval [Li et al., 2022].

BLIP supports in-context learning, allowing it to adapt to few-

shot learning with sample prompts and responses without the

use of paid APIs. Its flexibility in handling both zero-shot

and few-shot learning makes it particularly effective in tasks

like species classification and behavior identification, where

limited labeled data is available.

CLIP (Contrastive Language–Image Pretraining) is a robust

model developed to link images and text through contrastive

learning [Radford et al., 2021]. It is expected to perform very

well on zero-shot image classification by matching visual

inputs with textual descriptions, such as “a photo of a zebra”

or “an animal eating”. CLIP also supports few-shot learn-

ing through light fine-tuning with a small number of labeled

examples. Its ability to generalize across diverse image-text

pairs may help CLIP to be highly effective in camera-trap

tasks, from detecting animal presence to identifying specific

species.

Regarding the training process of CLIP and BLIP in our

experiments, both models underwent light fine-tuning in a

local execution environment. For CLIP, we optimized the

contrastive loss on a small subset of labeled samples per

class, following its original design for aligning image and text

embeddings. BLIP was also fine-tuned using the same labeled

samples used with CLIP, updating its weights to adapt the

visual-language alignment to the target tasks. In both cases,

the fine-tuning was deliberately restricted to a small number

of iterations and samples (summarized in Table 1), consistent

with the few-shot learning paradigm, in order to highlight the

models’ ability to adapt with minimal supervision rather than

large-scale retraining.

3.2 Data Collection and Preprocessing

The dataset used in our study is based on the Snapshot

Serengeti project [Swanson et al., 2015a], which is one of

the most comprehensive and publicly available camera trap

datasets. Data collection has occurred over multiple years,

with motion-activated cameras deployed continuously in the

Serengeti National Park, Tanzania, since 2010. These camera

traps operate throughout the day and night, capturing images

whenever animal movement triggers the sensors. As a result,

the dataset encompasses activity across different seasons and

environmental conditions. The Snapshot Serengeti dataset

has played a crucial role in ecological research, providing

insights into species distribution, behavior, and predator-prey

interactions. The key characteristics of the dataset include:

• Scale and Data Volume: The dataset contains approx-

imately 2.65 million camera trap image sequences, to-

taling 7.1 million images, covering seasons one through

eleven of the Snapshot Serengeti project. These images
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provide an extensive temporal record of wildlife activ-

ity, making the dataset one of the most comprehensive

long-term studies of its kind.

• Class Imbalance (empty vs. images with animals): A

significant challenge with Snapshot Serengeti is the im-

balance between empty images and images containing

animals. Approximately 76% of the images are empty,

as camera traps often get triggered by movement from

non-animal sources. This makes animal detection par-

ticularly challenging, demanding robust filtering tech-

niques to reduce false positives.

3.3 Few-shot and Zero-shot Learning Ap-

proaches

• Zero-shot Learning: In this setup, models were tested

without prior exposure to the dataset, relying entirely

on their pre-trained knowledge. CLIP matched images

to predefined textual descriptions (e.g., “a photo of a

zebra”). Gemini, GPT, and BLIP were prompted with

specific instructions tailored to each task. However, as

previously explained, due to the nature of Gemini and

GPT as closed models, they were exclusively evaluated

in the zero-shot context without additional fine-tuning.

• Few-shot Learning: In this approach, models were pro-

vided with a small subset of labeled images prior to

evaluation. Our few-shot learning approach consisted

of providing representative examples per class within

the prompt, enabling the model to generalize to unseen

samples. CLIP underwent light fine-tuning using a few

examples per class, while BLIP leveraged in-context

learning with sample prompts and corresponding labels.

The number of images per class used to fine-tune both

models is summarized in Table 1.

It is important to reinforce that the comparison of zero-shot

and few-shot learning conducted in this paper is not entirely

symmetrical across all models. Gemini and GPT are closed-

source models with local fine-tuning unfeasible. In contrast,

CLIP and BLIP allow light fine-tuning or local in-context

learning. Therefore, while all models were compared on the

same tasks, we explicitly distinguish between open models

(CLIP, BLIP), investigated in both zero-shot and few-shot

scenarios, and closed models (GPT, Gemini), evaluated only

using zero-shot with optimized prompts.

3.4 Experimental Setup

Three tasks of the camera trap workflow were designed to

evaluate the performance of four MLLMs. The methodol-

ogy followed in this work ensures a structured and consistent

evaluation of model performance across the tasks, focused

on effectively highlighting each model’s strengths and lim-

itations in both zero-shot and few-shot learning scenarios.

To maximize the number of models included in our experi-

ments while accounting for hardware constraints, we opted

for smaller subsets of data. The data spans seasons 1 through

6 of Serengeti, ensuring a diverse range of instances. The

dataset was carefully divided into training, validation, and

testing subsets to guarantee a fair evaluation and to avoid data

leakage across tasks. To minimize bias, we stratified the sub-

sets by location, meaning that images from the same camera

location were not divided into different subsets, which is a

standard partition strategy in the literature [Beery et al., 2018;

Schneider et al., 2020]. This ensures that the models were

evaluated on entirely new locations not seen during training,

providing a stronger assessment of generalization.

Table 1 presents the exact distribution of images per class

for each of the three tasks investigated: empty image filtering,

species classification, and behavior identification. For the fil-

tering task, near-balanced subsets were obtained (e.g., 10,114

animal vs. 9,886 empty in training; and 4,981 vs. 5,019 in

testing). For behavior classification, the dataset was divided

across the three classes (moving, resting, eating), with ap-

proximately 6,586–6,732 instances per class for training and

around 3,300 per class for testing. In terms of species clas-

sification, we considered nine of the most frequent species

in the dataset, with number of training instances per class

ranging from 2,161 bird images to 2,257 gazelle images, and

near-balanced classes for testing (e.g., 1,125 lion images and

1,136 buffalo images).

The prompts employed were tailored to the specific oper-

ational mechanisms of each model. For Gemini, GPT, and

BLIP, we employed direct classification prompts restricted to

the predefined categories of each task, ensuring consistency

across models. CLIP, in contrast, relies on image–text simi-

larity rather than open-ended generation. Therefore, we used

predefined textual descriptions for each class and matched

them with the given image. These differences reflect the

distinct ways models process visual information.

Several prompt variations were evaluated during the vali-

dation of this work, such as changes in detail (e.g., “Identify

the animal species” vs. “Identify the animal species and re-

turn only one option from the following list”) and alternative

phrasings (e.g., “Is there an animal in the picture?” vs. “Does

this image show a background without animals or one with an

animal?”). We selected the final prompts, detailed in the next

subsections, that consistently produced the most interpretable

results. This decision was based exclusively on training and

validation performance to prevent tailoring the prompts to

the test set and ensure an unbiased evaluation. Prompt engi-

neering was particularly crucial for closed models (GPT and

Gemini), where it acted as the only form of adaptation.

3.4.1 Empty Image Filtering

This task focused on indicating whether an animal was present

in the image, or whether it was considered an empty image,

and was conducted using the following prompts:

• Gemini, GPT, and BLIP: “A photo of an animal: 0) no

and 1) yes.”

• CLIP: Matched images with phrases like “a photo of

a background” (for empty images) or “a photo of an

animal” (for images containing animals).

3.4.2 Species Classification

In this task, models were required to identify the species of

the animal from a predefined list of nine classes: hyena, ze-

bra, giraffe, buffalo, gazelle, wildebeest, elephant, lion and
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Table 1. Number of images in each dataset used for each task.

Subset Category Filtering Classifier Behaviour Classifier Species Classifier

Animal Empty Moving Resting Eating Gazelle Hyena Elephant Lion Bird Buffalo Zebra Wildebeest Giraffe

Val
Filtering Classifier 1538 1462 - - - - - - - - - - - -

Behaviour Classifier - - 1033 988 979 - - - - - - - - -

Species Classifier - - - - - 350 347 341 334 333 329 323 322 321

Test
Filtering Classifier 4981 5019 - - - - - - - - - - - -

Behaviour Classifier - - 3328 3309 3363 - - - - - - - - -

Species Classifier - - - - - 1136 1130 1127 1125 1127 1136 1111 1122 1103

Train
Filtering Classifier 10114 9886 - - - - - - - - - - - -

Behaviour Classifier - - 6586 6732 6682 - - - - - - - - -

Species Classifier - - - - - 2257 2248 2245 2220 2161 2248 2245 2209 2203

bird. These species were selected based on their high occur-

rence in the training dataset, ensuring sufficient representa-

tion for model training and evaluation. The chosen species

also exhibit diverse visual characteristics, contributing to a

balanced classification challenge while reflecting the most

frequently observed animals in the studied environment. This

design separates the empty-image filtering task from species

classification to leverage specialized architectures for each.

Preliminary tests showed improved accuracy compared to a

joint multi-class approach.

• Prompts for Gemini, GPT, and BLIP: “Identify the

species of the animal. Respond only with one of the

following options: 0) hyena, 1) zebra, 2) giraffe, 3) buf-

falo, 4) gazelle, 5) wildebeest, 6) elephant, 7) lion, 8)

bird.”

• CLIP: Used image-text matching with species-specific

descriptions, such as “a photo of a giraffe”, “a photo of

a lion”, or “a photo of a zebra.”

3.4.3 Behavior Identification

This task involved classifying animal behavior into one of

three categories: moving, eating, or resting. The selection

of these three behavior classes was based on their frequent

occurrence in camera trap datasets, annotation feasibility, and

practical application in wildlife monitoring. These categories

represent fundamental and easily distinguishable behaviors

that appear most frequently in labeled datasets, ensuring suffi-

cient training data formachine learningmodels. More specific

behaviors are either rarely captured in camera trap images or

are difficult to label consistently, leading to class imbalance

and annotation challenges. Additionally, a simplified classifi-

cation framework enhances the robustness and generalization

of machine learning models, making them more effective

for large-scale ecological studies. By focusing on these core

behaviors, the classification supports scalable species moni-

toring and facilitates the analysis of broad activity patterns

relevant to conservation efforts.

In this task, models were evaluated using both single and

sequences of images captured during the same camera-trap

event. On average, the number of images per sequence ranged

from 3 to 5, depending on camera trigger conditions. Our

hypothesis is that, while single images provide isolated snap-

shots of animal activity, image sequences offer temporal con-

text, allowing the models to better infer behaviors such as

moving, eating, or resting. Therefore, this dual approach tests

the models’ ability to process not only static visual informa-

tion but also recognize patterns across consecutive frames,

which is critical for accurately interpreting animal behavior

in dynamic, real-world environments.

• Prompts for Gemini, GPT, and BLIP: “Identify the be-

havior the animals are performing. Respond only with

one of the following options: 0) moving, 1) eating, 2)

resting.”

• CLIP: Used image-text matching with descriptions such

as “a photo of an animal moving, “a photo of an animal

eating,” or “a photo of an animal resting.”

All inferences with GPT and Gemini were executed via

their official APIs. GPT-4o was accessed through the OpenAI

API, and Gemini 2.0 flash-exp was accessed through the

Google AI Studio API. Images and structured textual prompts

were submitted by coded instructions, and the models’ outputs

were parsed automatically to ensure reproducibility and avoid

human intervention during evaluation.

4 Experiments and Results

This section presents the performances reached by the mod-

els investigated. The results are shown using the following

evaluation metrics: accuracy, precision, recall, and F1-score.

Table 2 summarizes all the results, highlighting in bold the

best values attained per task. It is important to mention that

to better compare the estimates of accuracy, we also report in

this table 95% binomial confidence intervals (CI95) for each

model and task. A binomial CI treats every test prediction as

an independent Bernoulli trial (success = correct prediction,

failure = error) and quantifies the uncertainty of the observed

accuracy. Using the number of test samples n and the mea-

sured accuracy p, the 95% CI is computed from the exact

Clopper–Pearson method (or an equivalent normal approx-

imation) to give a lower and upper bound [plow, phigh] such
that, under repeated sampling, the true accuracy would fall

inside this range 95% of the time. Non-overlapping intervals

suggest significant performance differences between models.

The results of the statistical test are further clarified by the

following examples. In the image filtering task, for instance,

BLIP-FewShot achieved an accuracy of 0.91 with CI95 =

[0.904, 0.915], clearly separated from CLIP’s 0.7987 [0.791,

0.806]. Similar non-overlapping intervals appear across most

tasks: in species classification, BLIP-FewShot 0.7524 [0.744,

0.761] vs. CLIP 0.4558 [0.446, 0.466]; in behavior classifi-

cation, BLIP-FewShot-Seq 0.7557 [0.747, 0.764] vs. CLIP-

FewShot 0.4817 [0.472, 0.491]. These confidence bounds

demonstrate that the observed performance gaps are not at-

tributable to random variation in the test set. Zero-shot models
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Table 2. Performance attained by different models on the three tasks investigated.

Task Model Precision Recall F1 Score Accuracy CI95

animal

BLIP-FewShot 0.9100 0.9100 0.9100 0.9100 [0.904, 0.915]

GPT 0.8693 0.8562 0.8552 0.8566 [0.850, 0.863]

GEMINI 0.5695 0.5551 0.5536 0.8322 [0.825, 0.839]

CLIP 0.8150 0.7983 0.7959 0.7987 [0.791, 0.806]

CLIP-FewShot 0.7594 0.7589 0.7587 0.7588 [0.750, 0.767]

BLIP 0.0137 0.0035 0.0055 0.0761 [0.071, 0.081]

behavior

BLIP-FewShot-Seq 0.7640 0.7555 0.7567 0.7557 [0.747, 0.764]

BLIP-FewShot 0.7041 0.7011 0.7011 0.7014 [0.692, 0.710]

GEMINI-Seq 0.5002 0.4616 0.4336 0.6171 [0.608, 0.627]

GEMINI 0.4533 0.4312 0.3940 0.5766 [0.567, 0.586]

CLIP-FewShot-Seq 0.5222 0.5007 0.5016 0.5006 [0.491, 0.510]

GPT 0.6339 0.4813 0.4195 0.4819 [0.472, 0.492]

CLIP-FewShot 0.4875 0.4824 0.4766 0.4817 [0.472, 0.491]

GPT-Seq 0.4886 0.4053 0.3351 0.4058 [0.396, 0.415]

CLIP-Seq 0.3431 0.3511 0.3397 0.3506 [0.341, 0.360]

CLIP 0.3348 0.3430 0.3321 0.3425 [0.333, 0.352]

BLIP-Seq 0.0477 0.0290 0.0361 0.0879 [0.083, 0.094]

BLIP 0.0312 0.0002 0.0004 0.0011 [0.001, 0.002]

species

BLIP-FewShot 0.7684 0.7532 0.7556 0.7524 [0.744, 0.761]

GEMINI 0.6912 0.6837 0.6859 0.7589 [0.754, 0.764]

GPT 0.7036 0.6190 0.6296 0.6868 [0.678, 0.696]

CLIP 0.5352 0.4580 0.4456 0.4558 [0.446, 0.466]

CLIP-FewShot 0.3359 0.3201 0.3174 0.3202 [0.311, 0.329]

BLIP 0.1861 0.0005 0.0011 0.0006 [0.000, 0.001]

were evaluated on the same held-out locations, so the inter-

vals quantify their generalization to unseen camera sites. By

reporting CI95 values for all models and tasks, the analy-

sis provides a sound basis for concluding that the few-shot

fine-tuned models consistently outperform their zero-shot

counterparts.

In the following subsections, we discuss the results for each

task individually.

4.1 Filtering Classifier

In this task, BLIP on the zero-shot approach exhibited the low-

est performance: accuracy of 0.0761, precision of 0.0137, re-

call of 0.0035, and F1-score of 0.0055. These results highlight

BLIP’s significant limitations in detecting animal presence

without prior exposure to the dataset, making it unreliable for

real-world applications in its zero-shot form. However, after

fine-tuning BLIP-FewShot with a small number of labeled

examples (according to the number of images per class in

Table 1), its performance improved significantly, reaching

0.910 across all metrics, which were the highest rates attained

in the filtering empty images task. This suggests that BLIP

benefits significantly from a small amount of domain-specific

data, making it a viable option in few-shot scenarios.

In contrast, CLIP performed considerably better than BLIP

in the zero-shot setting, attaining accuracy of 0.7987 and

F1-score of 0.7959. However, an unexpected result was ob-

served when CLIP was evaluated on the few-shot scenario:

its performance slightly decreased, e.g. accuracy dropped to

0.7588. This suggests that CLIP’s initial zero-shot learning

capabilities were relatively well-optimized for this task, and

fine-tuning it with few instances may have introduced biases

or overfitting.

Finally, among the models tested, GPT achieved the high-

est overall performance in the zero-shot setting, with accuracy

of 0.8566, precision of 0.8693, recall of 0.8562, and F1-score

of 0.8552. This result indicates that GPT was the most reli-

able model in distinguishing non-empty from empty frames

using zero-shot. Gemini also produced valid results, but with

comparatively lower performance (e.g. F1-Score 0.5536) in

this binary classification task.

4.1.1 Discussion

For real-world deployment, these results indicate that certain

models, particularly BLIP in its zero-shot form, are unsuitable

due to their poor accuracy and recall. The BLIP-FewShot

and GPT models, on the other hand, achieved high perfor-

mance, making them strong candidates for practical applica-

tions. However, real-world scenarios often require not only

high accuracy but also robust performance across different

conditions (e.g., varying lighting, occlusions, and animal po-

sitions). While accuracy rates around 85-91% (as seen with

GPT and BLIP-FewShot) are promising, further testing on

unseen datasets would be needed to confirm their reliability

in operational settings. It is worth noting that the relatively

high performance of GPT may be partly explained by prior

exposure to the dataset, since the dataset was released in 2015

and no GPT snapshot predating is available for testing.

In addition, it is important to evaluate whether the models

provide similar performance among the two classes involved

in the task of filtering empty images. As it is shown in Fig-

ure 1, there are images whose correct class was assigned by

only one of the investigated methods. For instance, it is possi-
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Table 3. Recall results attained by different models in filtering

empty images.

Model Animal Empty

BLIP 0.1528 0.0000

BLIP-FewShot 0.9119 0.9081

CLIP 0.6840 0.9125

CLIP-FewShot 0.7828 0.7350

Gemini 0.9538 0.7115

GPT 0.7635 0.9490

ble to observe in this figure that CLIP-FewShot was the only

model able to identify that there is an animal centered in the

middle of the image in Figure 1(a). In Figure 1(b), BLIP was

the only model that correctly assigned the empty class to the

image. The same happens with Gemini in Figure 1(c), which

was the only model that classified the image as non-empty,

since it is difficult to detect the animal in the lower left corner

of the image due to the daylight.

In order to evaluate how the models dealt with each of the

two classes, Table 3 shows the class-wise recall values. We

can see in this table that models perform differently when clas-

sifying empty frames versus non-empty ones. It is noteworthy

to mention that the ideal performance is a trade-off between

both classes. In one hand, retrieving non-empty instances

is important, even at the cost of degrading the empty class

prediction. On the other, the error rate for the empty class

cannot be too high, as this will result in the accumulation of

a large amount of empty images.

CLIP, in its zero-shot setting, was not successful in attain-

ing this trade-off: it achieved high recall for the empty class

(0.9125) but a much lower rate for the non-empty (0.6840).

This indicates that the model is more prone to classify in-

stances as empty. After the few-shot fine-tuning, CLIP im-

proved recall in detecting animals (0.7828) but dropped it

for the empty class (0.7350). However, this shift indicates a

better trade-off introduced during fine-tuning the model. A

similar behavior is observed with GPT. It reached an inter-

mediate recall for the non-empty class (0.7635), but showed

the highest recall for empty images (0.9490). An opposite be-

havior is presented by Gemini, which excelled at recognizing

non-empty images (recall = 0.9538), though its performance

was significantly lower for the empty category (0.7115).

Finally, even though BLIP in zero-shot struggled signifi-

cantly with the task in general: it reached recall = 0.00 for

empty images for instance, BLIP-FewShot demonstrated the

best balanced recall for both classes (0.9119 and 0.9081), in-

dicating that fine-tuning enhanced the model’s ability to cor-

rectly retrieve instances from both categories without bias to-

ward one. These results highlight that identifying the presence

of animals in images is usually more difficulty than recog-

nizing empty scenes. Models may misclassify non-empty in-

stances due to the wide variety of appearances, behaviors, and

potential occlusions. On the other hand, empty frames tend

to be more visually consistent, making them somewhat easier

to detect—provided the model is well-trained for the task. In

summary, models that can sustain high and balanced recall

across both classes—such as GPT and BLIP-FewShot—are

ideal for ensuring no critical detections are missed in wildlife

monitoring or surveillance systems.

4.2 Species Classification

In this task, again BLIP in zero-shot learning struggled signifi-

cantly, reaching accuracy of just 0.0006, along with precision

of 0.1861, recall of 0.0005, and F1-score of 0.0011. As ob-

served for the previous task, the few-shot approach improved

substantially its performance, with accuracy rising to 0.7524

and F1-score to 0.7556. This highlights the model’s heavy

dependence on task-specific fine-tuning for effective classifi-

cation. Unlike BLIP, the performance of CLIP in zero-shot

was slightly better, achieving accuracy of 0.4558 and F1-score

of 0.4456. However, again, the same surprising behavior of

CLIP fine-tuned with few-shot learning (CLIP-FewShot) was

noticed in this task: the performance declined, with accuracy

dropping to 0.3202 and F1-score to 0.3174. This suggests

that CLIP’s capabilities fail to benefit from limited training

samples, possibly due to overfitting or ineffective adaptation.

Among the evaluated models, Gemini demonstrated the

best zero-shot performance: accuracy of 0.7589, precision

of 0.6912, recall of 0.6837, and F1-score of 0.6859. GPT

performed also well. It reached higher precision (0.7036), but

the remaining metrics were lower: recall of 0.6190, F1-score

of 0.6296 and accuracy of 0.6868. These results suggest that

both Gemini and GPT leverage strong pretraining to general-

ize effectively to new species without additional supervision.

4.2.1 Error distribution across classes

In this task is also crucial to analyze how each model individ-

ually handles challenging cases. Figure 2 illustrates examples

in which only one model provided the correct species label,

while the remaining failed. In Figure 2(a), CLIP-FewShot

was the only method able to correctly identify a gazelle. Fig-

ure 2(b) presents a similar situation, but in this case, GPT was

the model that recognized the gazelle, possibly leveraging tex-

tual context in the visual scene. Lastly, Figure 2(c) shows one

example where only BLIP-FewShot successfully identified

the species as a lion, demonstrating its strength in combining

vision and language representations to disambiguate complex

visual features.

In addition, a detailed summarization of recall values per

species is shown in Table 4). From this table, some observa-

tions can be made:

• BLIP (zero-shot) exhibited very limited performance in

the species identification task, as reflected in its recall

values across all classes. Specifically, BLIP achieved

non-zero recall for only three species: Lion (0.0027),

Giraffe (0.0018), and Zebra (0.0009).

• BLIP-FewShot showed a significant boost in recall,

reaching above 0.57 in all classes. Notably, high recall

rates were reached for giraffe (0.8812), hyena (0.8575),

and elephant (0.8058). Even traditionally challenging

classes like bird (0.6690) and buffalo (0.5669) were han-

dled reasonably well, reinforcing that few-shot learning

helped to improve the model’s recognition capability of

all classes.

• CLIP (zero-shot) achieved moderate recall across most

species. It performed best for wildebeest (0.7273),

gazelle (0.7051), and hyena (0.6018). However, it
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Figure 1. Examples of predictions for the filtering empty images task. In these cases, only one model produced the correct prediction, while the others

misclassified the image: (a) Only CLIP-FewShot correctly identified the non-empty class; (b) Only BLIP-FewShot correctly identified the image as empty; (c)

Only Gemini correctly assigned the non-empty class (the bounding box in the image is just to help see where the animal is, due to the conditions of some

images).

Figure 2. Examples of correctly species identification: (a) Only CLIP-FewShot correctly identified a gazelle; (b) Only GPT correctly identified a gazelle; (c)

Only BLIP-FewShot correctly identified a lion (the bounding box in the image is just to help see where the animal is, due to the conditions of some images).

was notably weak on identifying bird (0.1038) and lion

(0.1893).

• As a consequence of the reduced performance, the recall

values of CLIP-FewShot dropped for almost every class,

especially for gazelle (0.2502), zebra (0.2070), and gi-

raffe (0.4760), indicating that the few-shot adaptation

may not be optimal for this architecture.

• Gemini achieved highly balanced and robust recall

across all species, with values ranging from 0.6123

(wildebeest) to 0.8821 (giraffe). Its consistent perfor-

mance for elephant (0.8319), zebra (0.7795) and bird

(0.6291) shows its potential for real-world multi-class

retrieval tasks.

• GPT also performed well with high recall values, partic-

ularly for hyena (0.9442), elephant (0.7582), and giraffe

(0.8368). While it showed slightly lower scores for bird

(0.4037) and wildebeest (0.4991), in general its recall

rates emphasize good generalization across species.

This evaluation of recall scores highlights the easiest

species for classification. Giraffe was the species more of-

ten correctly classified across models, particularly BLIP-

FewShot (0.8812), Gemini (0.8821), and GPT (0.8368). Mod-

els were also successful on classifying hyena, with GPT

(0.9442), BLIP-FewShot (0.8575) and Gemini (0.7469) lead-

ing performance. The third more frequently well classified

species is Elephant, with the highest scores from Gemini

(0.8319), BLIP-FewShot (0.8058), and GPT (0.7582).

4.2.2 Discussion

In practical deployment scenarios, recall becomes a crucial

metric — especially in safety-critical applications. In our

context of biodiversity monitoring, missing a true positive

(e.g., failing to detect an endangered species) can also carry

significant consequences. Based on these findings, our re-

sults indicate the real-world potential of Gemini and GPT,

since these models reached high recall, even in a zero-shot

context, suggesting their robustness in species classification

without retraining. BLIP’s zero-shot performance was in-

adequate, reinforcing that it is an unreliable model unless

few-shot learning is employed, in which case its recall im-

proved dramatically. Conversely, CLIP’s recall degradation

in few-shot settings suggests challenges in adapting the model

to small-scale training data, which could hinder its deploy-

ment in data-scarce environments.

4.3 Behavior Identification

The zero-shot BLIP model presented the same pattern ob-

served in the two previous tasks, i.e. it reached the low-

est performance, with accuracy of just 0.0011, precision of

0.0312, recall of 0.0002 , and F1-score of 0.0004. BLIP-Seq,

which used sequences of images, reached low improvement,

with accuracy of 0.0879 and F1-score of 0.0361, suggesting

minimal benefit from sequence data when fine-tuning is not

performed. On the other hand, again, BLIP’s performance
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Table 4. Recall values for the species identification task.

Model Giraffe Lion Bird Zebra Hyena Buffalo Wildebeest Gazelle Elephant

BLIP 0.0018 0.0027 0.0000 0.0009 0.0000 0.0000 0.0000 0.0000 0.0000

BLIP-FewShot 0.8812 0.8000 0.6690 0.6535 0.8575 0.5669 0.7460 0.7991 0.8058

CLIP 0.5249 0.1893 0.1038 0.4797 0.6018 0.2518 0.7273 0.7051 0.5378

CLIP-FewShot 0.4760 0.3547 0.1233 0.2070 0.5283 0.2579 0.3556 0.2502 0.3277

Gemini 0.8821 0.8107 0.6291 0.7795 0.7469 0.7685 0.6123 0.7758 0.8319

GPT 0.8368 0.5289 0.9442 0.7525 0.9442 0.7130 0.4991 0.7535 0.7582

improved significantly with BLIP-FewShot, which led to in-

creasing accuracy to 0.7014, precision to 0.7041, recall to

0.7011, and F1-score to 0.7011. A higher performance im-

provement was observed with BLIP-FewShot-Seq, whose

accuracy increased to 0.7557 and F1-score to 0.7567, indicat-

ing that temporal context can aid behavior classification in a

few-shot scenario.

Even though CLIP in zero-shot provided higher rates com-

pared to BLIP, it was not a high-performing method: accuracy

of 0.3425 and F1-score of 0.3321. Moreover, CLIP-Seq tested

in zero-shot settings with sequences performed similarly to

its single-image version, achieving accuracy of 0.3506 and

F1-score of 0.3397. Here, however, unlike in previous tasks,

few-shot improved CLIP’s performance to accuracy of 0.4817

and F1-score of 0.4766. The same improvement is observed

for CLIP-FewShot-Seq, whose accuracy improved to 0.5006

and F1-score to 0.5016, highlighting the added value of tem-

poral information when few-shot is employed.

In its turn, Gemini performed reasonable, considering the

zero-shot learning scenario, with accuracy of 0.5766, preci-

sion of.4533, recall of 0.4312, and F1-score of 0.3940. When

sequences of images were introduced in Gemini-Seq, its per-

formance improved to accuracy of 0.6171 and F1-score of

0.4336, indicating that sequential data also helped Gemini to

better conduct behavior recognition. An opposite behavior

was shown by GPT. It achieved accuracy of 0.4819, precision

of 0.6339, recall of 0.4813, and F1-score of 0.4195. However,

when sequences were incorporated in GPT-Seq, its accuracy

dropped to 0.4058 and its F1-score to 0.3351. This suggests

that the temporal context does not universally enhance model

performance and may even reduce its performance in some

cases.

4.3.1 Error distribution across classes

It is also important to consider the ability of the models to

accurately identify animal behaviors, especially in ambigu-

ous or challenging scenarios. Figure 3 illustrates examples

in which only one model was able to assign the correct label,

reinforcing the prediction variance of the different models.

In Figure 3(a), BLIP-FewShot-Seq was the only model to

correctly identify the resting behavior, maybe due to its atten-

tion to subtle posture cues. Conversely, CLIP-FewShot-Seq

accurately detected the moving behavior in Figure 3(b), sug-

gesting robustness to motion blur or posture ambiguity. In

Figures 3(c) and 3(d), only GPT-Seq and Gemini-Seq, re-

spectively, succeeded in classifying the behavior as moving,

even when the movement was partially occluded or visually

subtle. Lastly, Figure 3(e) shows a case where CLIP-Seq

was the sole model to correctly identify the resting behavior.

These examples emphasize the complementary strengths of

the models in complex behavior recognition scenarios.

Figure 3. Examples of the behavior identification task where only one model

produced the correct prediction while all others were incorrect: (a) model

BLIP-FewShot-Seq and class resting; (b) model CLIPFewShot-Seq and class

moving; (c) model GPT-Seq and class moving; (d) model Gemini-Seq and

class moving; (e) model CLIP-Seq and class resting (the bounding box in

the image is just to help see where the animal is, due to the conditions of

some images).

Examining the class-wise recall scores in Table 5, it be-

comes clear that the resting class posed significant challenges

for most of the models. While BLIP-FewShot-Seq achieved

the highest recall scores for moving (0.7392) and eating

(0.8040), its performance for resting is slightly lower (0.7232).

Similarly, GPT showed high recall for moving (0.9026) but
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has a considerably lower recall for resting (0.0731). This

pattern is also detected for CLIP and BLIP, whose recall for

the resting class is notably weak—often close to zero (0.3497

and 0.0000 respectively). Gemini and its sequence variant,

despite demonstrating top-tier recall for eating (0.8252 and

0.8629) and moving (0.7464 and 0.7596), also had difficulty

in recognizing the resting behavior (0.1532 and 0.2239 re-

spectively). These differences highlight that distinguishing

the resting class remains challenging for all evaluated models.

Table 5. Recall values for the behavior identification task.

Model Resting Eating Moving

BLIP 0.0000 0.0000 0.0033

BLIP-FewShot 0.6706 0.7707 0.6620

BLIP-FewShot-Seq 0.7232 0.8040 0.7392

BLIP-Seq 0.0000 0.2614 0.0000

CLIP 0.3497 0.1909 0.4886

CLIP-FewShot 0.5748 0.3289 0.5436

CLIP-FewShot-Seq 0.4584 0.4442 0.5995

CLIP-Seq 0.3500 0.1974 0.5060

Gemini 0.1532 0.8252 0.7464

Gemini-Seq 0.2239 0.8629 0.7596

GPT 0.0731 0.4680 0.9026

GPT-Seq 0.0496 0.3265 0.8398

4.3.2 Discussion

Overall, GPT and Gemini performed well, particularly when

identifying the moving behavior with recall values as high

as 0.9026 and 0.7596, respectively. BLIP and CLIP demon-

strated notable gains in few-shot learning scenarios, especially

when image sequences were incorporated. Among all con-

figurations, BLIP-FewShot-Seq exhibited the most balanced

recall across behaviors, notably achieving 0.7232 for rest-

ing, 0.8040 for eating, 0.7392 for moving and the highest

performance in general. These results underscore the value

of combining few-shot learning with sequential inputs to en-

hance model sensitivity, particularly for difficult classes such

as resting.

For real-world contexts, these results indicate that this com-

bination may be incorporated in a practical solution for behav-

ior classification. However, the high performance difference

between methods and classes indicates that errors remain a

challenge, and model reliability can vary depending on the

behavior being classified. The recall values, especially for eat-

ing, reinforce that some misclassifications could be a serious

problem in applications where high accuracy is essential.

4.4 Cost and Deployment Considerations

One very important point to consider is that, while our exper-

iments demonstrate that MLLMs can automate key camera-

trap tasks, continuous 24/7 monitoring raises questions related

to computational cost. The models evaluated in this work

require GPU inference (BLIP and CLIP), while Gemini and

GPT demand additional API charges. Compared to conven-

tional CNN pipelines that involve full retraining, our zero-

/few-shot approach reduces training costs but still entails non-

trivial inference expenses if every frame is processed centrally.

Practical deployments may adopt a tiered pipeline—e.g., a

lightweight detector to discard obvious empty frames before

invoking an MLLM—or apply model-compression and dis-

tillation techniques to run on edge devices. Exploring these

engineering trade-offs is an important direction for future

work.

5 Conclusions

This study demonstrated the potential of using MLLMs in

advancing biodiversity monitoring through the camera trap

workflow. Key findings revealed that few-shot learning signif-

icantly improved model performance, particularly with BLIP,

which reached 0.9100 accuracy in filtering empty images

compared to just 0.0761 under zero-shot conditions. Gem-

ini’s stable zero-shot performance in species identification

(0.7589 accuracy) and the significant enhancement in behav-

ior classification through sequence-based processing (with

BLIP reaching 0.7557 accuracy) further reinforce the capa-

bilities of MLLMs when better contexts are provided to the

models. These results highlight the importance of minimal su-

pervision and temporal data integration in optimizing wildlife

monitoring systems.

The implications of this research extend beyond techni-

cal performance metrics, directly addressing the research

questions posed in this study. In response to RQ1, our re-

sults demonstrate that large-scale MLLMs can effectively en-

hance biodiversity monitoring tasks, particularly by automat-

ing species identification, behavior classification, and empty

image filtering. This automation not only improves efficiency

but also enhances the accuracy and consistency of biodiversity

assessments, thereby supporting more informed conservation

strategies. Moreover, the methodology employed in this study

can be adapted to various ecological contexts, extending their

applicability to other environmental monitoring systems.

Regarding RQ2, our results highlight key comparative ad-

vantages and limitations of zero-shot and few-shot learning

approaches in biodiversity monitoring. While zero-shot learn-

ing proves effective for simpler tasks such as empty image

filtering and species classification, it struggles with more com-

plex analyses like behavior identification, emphasizing the

need for adaptive learning strategies. Additionally, closed-

source models like GPT and Gemini, which are not open for

fine-tuning by the general public, exhibited inconsistent per-

formance across different tasks, particularly when handling

sequential data. Another challenge lies in the generalization

of these models to diverse ecological settings, as performance

may vary depending on species, environments, and camera

trap conditions. Finally, a limitation of this work is that the

Snapshot Serengeti dataset investigated in our experiments

provides no labels for challenging scenarios beyond time-of-

day, preventing us from reporting metrics related to factors

such as silhouetting or animal distance.

Future research should focus on developing more adaptable

and robust MLLMs capable of generalizing across diverse

ecosystems without the need for retraining. Enhancing the

models’ ability to recognize rare or partially occluded species

is another critical avenue for exploration. Hybrid learning

strategies that combine zero-shot, few-shot, and supervised
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learning may offer a balanced approach to optimizing model

performance. Further investigation into the role of temporal

context in various tasks could help refine model architectures,

particularly to address inconsistencies observed in this study

with sequence-based inputs. Finally, we also intend to explore

whether more complex or descriptive prompts can further

improve performance, particularly for larger models.
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