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Automated wildlife detection in aerial imagery can expand the scale and efficiency

of ecological monitoring, but model development is often constrained by limited

training data, uneven class representation, and poor coverage of diverse envi-

ronmental conditions. These constraints are especially acute for rare, elusive, or

endangered species, where large, diverse, and well-annotated image datasets

may be difficult or impossible to obtain. Synthetic imagery generated by fine-

tuned diffusion models could help address these limitations, but its utility for

wildlife detection remains insufficiently tested. Here, we evaluated whether

diffusion-generated imagery can improve object detection performance in a

remote sensing workflow using humpback whales (Megaptera novaeangliae) in

drone imagery as a benchmark case study to simulate data limitations relevant to

rare or poorly observed species. We fine-tuned Stable Diffusion XL 1.0 using low-

rank adaptation on a small independent set of real whale images to generate

abundant synthetic aerial imagery, and trained YOLOv8 object detection models

using controlled combinations of real and synthetic data. We found that the

addition of synthetic imagery improved localization accuracy measured using

mAP50–95 when real training data were limited in quantity or diversity, provided

little additional benefit when real data were sufficient, and substantially reduced

all performance metrics when used alone. These findings suggest that diffusion-

generated synthetic imagery can strengthen detection models under data-limited

conditions but should complement, rather than replace, real imagery. We con-

clude by outlining practical applications and key research priorities for integrating

synthetic data into wildlife detection workflows.

KEYWORDS

diffusion, drone, generative AI, image augmentation, machine learning
1 Introduction

For ecologists, identifying animals in imagery is crucial to assess biodiversity, monitor

population trends, and document behaviors at large scales, often informing evidence-based

conservation and management (Michener and Jones, 2012; Johnston, 2019). Automated

methods for animal identification in imagery using machine learning (ML) reduce the cost
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and logistical overhead associated with manual annotation

(Seymour et al., 2017; Gray et al., 2018; Weinstein, 2018). ML

detection models for animal recognition require large image train-

ing datasets that capture the range of variation present within real-

world scenarios (Deep and Dash, 2019; Guirado et al., 2019).

However, procuring a vast quantity of representative training

images can be difficult or near-impossible for certain tasks

(Shorten and Khoshgoftaar, 2019). Developing robust ML wildlife

detection models is thus often constrained by limited and imbal-

anced datasets, particularly for rare, elusive, or low-detectability

species, where scarce or uncertain annotations increase the risk of

overfitting and poor generalization (Langenkämper et al., 2019,

Leevy et al., 2018, Delisle et al., 2022). Paradoxically, the automated

detection models needed to help monitor and conserve rare and

endangered species require large, diverse image datasets for robust

training and reliable performance, yet the scarcity and limited

observability of these species often make it difficult to obtain

enough representative imagery.

ML researchers commonly address data deficiency problems

like this through dataset augmentation, where additional images for

training detection models are generated through manipulations of

existing images (Mumuni and Mumuni, 2022). Conventional

dataset augmentation is widely used to increase the size and

variation within training datasets through transformations such as

color channel shifts, rotations, flips, or crops, thereby improving the

performance of ML detection models (Paszke et al., 2019; Shorten

and Khoshgoftaar, 2019). Alternatively, synthetic dataset augmen-

tation produces training images de novo and can offer fine-grained

control and customizability of real-world conditions (Beery et al.,

2020). In particular, generative artificial intelligence (AI) models

can learn complex spatial and spectral distributions from training

data to produce highly realistic synthetic imagery, with potential for

rapid and accurate synthetic dataset augmentation (Liu et al., 2024;

Rafiq et al., 2025).

Diffusion models have emerged as the eminent class of AI image

generation models, outperforming architectures such as generative

adversarial networks (GANs) and variational autoencoders (VAEs)

in image quality and diversity (Dhariwal and Nichol, 2021;

Muhammad et al., 2023; Müller-Franzes et al., 2023). Diffusion

models progressively add noise to training images and then learn to

iteratively reverse the noising process to generate novel samples (Ho

et al., 2020; Croitoru et al., 2023; Rombach et al., 2022). In contrast,

GANs, which have historically dominated synthetic image genera-

tion in ecology (Goodfellow et al., 2014; Lu et al., 2019), rely on an

adversarial training process between a generator that produces

synthetic samples and a discriminator that distinguishes real

images from generated ones. While GANs can produce sharp and

visually convincing outputs, they are prone to training instabilities

and mode collapse, where the generator produces a limited range of

samples that lack meaningful diversity (Jabbar et al., 2022).

Alternatively, VAEs encode data into a latent distribution and

generate images by sampling and decoding from this space

(Kingma and Welling, 2022), but their reliance on normally

distributed latent variables often leads to blurred outputs due to

averaging distinct features (El-Kaddoury et al., 2019). Many
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diffusion models use a VAE to compress images into a lower-

dimensional space, but learn to generate images by reversing a

gradual noising process within that space, rather than relying on a

VAE alone to decode samples from a constrained latent distribution

(Podell et al., 2023).

Large foundation diffusion models such as OpenAI’s DALL-E

or Stability AI’s Stable Diffusion have been pretrained on massive

image–text datasets, enabling broad image generation from text

prompts. While zero-shot image generation can suffice for certain

applications (Durand et al., 2026), for domain-specific visually

nuanced tasks, higher-quality synthetic images can be generated

using model fine-tuning. Fine-tuning refers to adapting a pre-

trained model to a specific task or concept using a smaller, targeted

dataset, enabling the generation of specialized images while retain-

ing general knowledge encoded in the base model (Ding et al., 2023;

Ruiz et al., 2023). Low-Rank Adaptation (LoRA) is a fine-tuning

method that adapts large foundation models to new tasks without

updating all parameters by freezing the original weights and

learning a small set of low-rank “adapter” matrices that encode

task-specific adjustments (Hu et al., 2021). In text-to-image diffu-

sion models, these adapters are typically inserted into layers that

link textual prompts to visual features, enabling the model to learn

new styles or subjects with a fraction of the compute and storage

costs of full fine-tuning (Cuenca and Paul, 2023).

Synthetic imagery has previously been used to augment wildlife

detection models through several distinct strategies. Gaur et al.

(2023) generated synthetic whale imagery using 3D simulation,

Durand et al. (2026) used zero-shot text-to-image prompting with

the generative model DALL-E 2 for aerial muskox detection, and

Duporge et al. (2026) trained a generative diffusion model de novo

for satellite-based marine fauna detection. In contrast, we evaluate

LoRA fine-tuning of a pretrained foundation diffusion model as a

computationally efficient approach for generating domain-specific

wildlife imagery from a small reference dataset. We further extend

these previous studies by systematically benchmarking the down-

stream utility of synthetic imagery across controlled experimental

scenarios that manipulate the quantity and diversity of available real

training data.

The present study uses humpback whale (Megaptera

novaeangliae) detection in drone imagery as a benchmark system

to evaluate this approach under simulated data constraints. Although

humpback whales are comparatively abundant and well represented

in aerial imagery datasets, we deliberately fine-tuned Stable Diffusion

XL 1.0 using a small, independently sourced set of real humpback

whale images and used the resulting model to generate synthetic

imagery for detector training.We then trained YOLOv8models using

controlled combinations of real and synthetic imagery, including

scenarios with reduced real data quantity and flight-level diversity.

This experimental design allowed us to test whether synthetic

imagery could supplement or replace real training data and whether

its utility depended on the availability and diversity of real imagery.

All models were evaluated against the same independent real image

validation and test sets, enabling direct comparison of when synthetic

imagery provided measurable benefits, offered little additional value,

or incurred performance costs.
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2 Materials and methods

2.1 Overview

We evaluated whether diffusion-generated imagery could im-

prove humpback whale detection in drone imagery by generating

synthetic training images, combining them with controlled subsets

of real imagery, and comparing YOLOv8 model performance across

nine training scenarios. The workflow comprised four steps:

(1) synthetic image generation and annotation, (2) real image

preparation and dataset comparison, (3) construction of experi-

mental training and testing sets, and (4) model training and

evaluation. The full experimental design is summarized in

Figure 1 and Table 1.

Briefly, a small independent set of real humpback whale images

(n = 27, indicative of a very small population of animals) was used

to fine-tune a diffusion model and produce abundant synthetic

humpback whale images for model training (Figure 1, step 1). These

synthetic images were then combined with real drone imagery in

different configurations (Figure 1, step 2) to create a set of

controlled training scenarios (Figure 1, E1–E9). A diverse real-

only model served as the baseline (E1; Figure 1). The remaining

experiments tested whether model performance changed when

standard augmentation was removed (E2), when synthetic images

replaced some or all real images (E3–E4), when synthetic images

were added to an already strong real dataset (E5), and when

synthetic images were added to restricted real datasets that simu-

lated rare species conditions with fewer flights, fewer images, or

both (E6–E9). All models were trained using the same YOLOv8
Frontiers in Ecology and Evolution 03
framework and evaluated on the same independent real image

validation and test sets (Figure 1, steps 3-4), allowing performance

differences to be attributed to training data composition rather than

changes in evaluation data.
2.2 Synthetic image generation and
annotation

We generated 2,112 synthetic humpback whale images at 1024

× 1024 pixels using a fine-tuned pre-trained foundation diffusion

model, Stable Diffusion XL 1.0 (Figure 2). This open-weight

diffusion model has a larger parameter count and more refined

training strategy compared to earlier Stable Diffusion models,

enabling the generation of high-fidelity images from text prompts

(Podell et al., 2023). For LoRA fine-tuning, 27 real drone images of

humpback whales were selected from a larger dataset comprising

602 images of 228 individuals collected along the Western Antarctic

Peninsula between February 24th and March 11th, 2019 (Bierlich

et al., 2022). Briefly, these images were collected using a FreeFly Alta

6 multirotor drone fitted with a Sony Alpha a5100 camera with an

APS-C (23.5 × 15.6 mm) sensor, 6,000 × 4,000 pixel resolution, and

a 35 mm lens. These images were independent from the real images

used for detection model training described below and were

deliberately chosen to span variation in animal orientation, weather,

and lighting conditions. Descriptive text captions summarizing

image content were generated for each real image used in

fine-tuning.

LoRA fine-tuning of Stable Diffusion XL 1.0 was done using the

train_dreambooth_lora_sdxl.py script provided by the open-source
FIGURE 1

Experimental design used to test synthetic data augmentation for wildlife detection in this study. A small independent set of real humpback whale
drone images was used to fine-tune a diffusion model and generate synthetic training images (1). In parallel, the real humpback whale drone image
dataset was subset into controlled training datasets (2). These synthetic and real datasets were then used to create nine separate training datasets
[E1–E9], corresponding to the nine experiments listed in Table 1 (3). All models were evaluated using four metrics on the same independent real
validation and test sets, so differences in performance reflect training data composition rather than differences in evaluation data (4).
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TABLE 1 Explanation of the nine YOLOv8 training experiments conducted.

Experiment ID Training setup Primary comparison Purpose

E1 Diverse real-only dataset with standard
YOLOv8 augmentation

Reference experiment Establishes the real-data baseline for all comparisons.

E2 Same real dataset as E1, but with built-in
YOLOv8 data augmentation disabled

E2 vs. E1 Tests the contribution of standard YOLOv8 data augmentation
approaches.

E3 Half real data + half synthetic data, with total
training size matched to E1

E3 vs. E1 Tests whether synthetic images can partially replace real images
while holding total training size constant.

E4 Synthetic-only training data E4 vs. E1 Tests whether synthetic images can fully replace real training
imagery.

E5 Full real baseline dataset plus the full
synthetic dataset

E5 vs. E1 Tests whether adding synthetic images improves performance
when real data are already diverse and sufficient.

E6 Same number of real whale instances as E1,
but drawn from fewer flights

E6 vs. E1 Tests the effect of reduced real-data diversity while holding
instance count similar.

E7 Smaller real dataset drawn from fewer flights E7 vs. E1 Tests the combined effect of reduced real-data size and reduced
flight diversity.

E8 Reduced-diversity real dataset plus the full
synthetic dataset

E8 vs. E6 and E1 Tests whether synthetic images improve models trained on
limited-diversity real data.

E9 Smaller reduced-diversity real dataset plus a
matched synthetic subset

E9 vs. E7 and E1 Tests whether synthetic images improve models trained under
both reduced size and reduced diversity.
F
rontiers in Ecology an
d Evolution
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Experiment IDs correspond to the labeled training scenarios in Figure 1. The design tests three common data limitations encountered in rare species detection: limited real image quantity, limited
survey diversity, and uncertainty about whether synthetic imagery should supplement or replace real data. Exact counts of the number of instances, images, and flights for each training set as well
as for the validation and test sets are provided in Supplementary Table 1.
FIGURE 2

(A) Process for generating synthetic aerial imagery of humpback whales using a fine-tuned Stable Diffusion XL 1.0 model. Blue arrows denote steps
where model weights are adjusted in training, and orange arrows denote steps where outputs are generated using inference of trained models.
(B) Schematic representation of the diffusion process, including the forward step which adds noise to an image, and the reverse step where the
model learns during training to reconstruct an image by iteratively denoising random noise. The model can then generate novel images from noise
that are consistent with the training data distribution.
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Diffusers library v0.34.0 (von Platen et al., 2022). Fine-tuning used a

batch size of 2, gradient accumulation of 1, Prodigy optimization, a

constant learning rate scheduler with no warmup, and 1,350 training

steps. The LoRA rank was set to 16, a commonly used value for

diffusion model fine-tuning that provides sufficient adaptation

capacity while limiting overfitting. Gradient clipping was applied

with a maximum norm of 1.0, and training used bfloat16 mixed

precision, cached latents, and gradient checkpointing. Textual inver-

sion of the text encoder was enabled for 50% of the training process.

The instance prompt “drone image of a <s0><s1> in the ocean, clear

water, visible pectoral fins, ultra-realistic” was used. The tokens

<s0><s1> are learnable identifiers that acquire the visual character-

istics of the fine-tuning images during training, allowing the model to

generate new images of humpback whales while preserving the

descriptive context provided by the remainder of the prompt. The

fine-tuned LoRA model was then used to generate synthetic images

with the text prompt “a drone photo of a humpback whale swimming

in the ocean.” Fine-tuning Stable Diffusion XL 1.0 required approx-

imately 30 minutes, and generation of the 2,112 synthetic images

required approximately 1 hour, both using a single NVIDIA A100

GPU runtime.

Synthetic images were annotated by two experienced reviewers

using LabelMe 5.11.1 (Wada, 2026), with bounding boxes placed

around the visible extent of each whale. The synthetic image dataset

was divided between two annotators, and each annotation set was

independently cross-reviewed by the other annotator to assess

accuracy and consistency before the final annotations were con-

firmed. When hallucinated features such as duplicated body parts or

anatomically unrealistic structures were present (as in

Supplementary Figure 1A), separate bounding boxes were drawn

around each visually distinct whale-like structure. This approach

was adopted to prevent the detection model from learning incorrect

object extents and was intended solely to constrain object localiza-

tion during training.

2.3 Real image preparation and dataset
comparison

Real imagery was sampled from the Happy Humpbacks dataset,

a labeled and annotated multi-rotor drone dataset collected at

Palmer Station along the Western Antarctic Peninsula (Houliston

et al., 2026). The dataset includes imagery from 55 drone flights and

comprises 5,281 curated images containing 10,401 annotated

humpback whale instances. The Happy Humpbacks images were

taken with a DJI Phantom 4 Pro multirotor drone equipped with a

default gimbal-stabilized RGB camera (1” CMOS sensor; 5472 x

3648 pixels) during January-March 2020 (Houliston et al., 2026).

Prior to detection model training, all real images were resized to

1024 × 1024 pixels, with padding applied to preserve the original

aspect ratio.

Because synthetic images may differ systematically in back-

ground appearance, we compared background color distributions

between real images used for detection model training, real images

used for LoRA fine-tuning, and synthetic images. Specifically, mean

red, green, and blue (RGB) pixel values and lightness, green-red,

and blue-yellow values in CIELAB color space (LAB) were
Frontiers in Ecology and Evolution 05
calculated for background regions excluding bounding boxes

within each image using OpenCV 4.13.0.92. We assessed differences

in RGB and LAB distributions among (1) a random sample of 2,112

real training images from the Happy Humpbacks dataset, (2) the 27

real images used for LoRA fine-tuning, and (3) the full dataset of

2,112 synthetic images using two-sample Kolmogorov-Smirnov

tests for each color channel (R, G, B, and L, A, B). We also used

principal component analysis (PCA) in scikit-learn 1.8.0 to visualize

relationships among image-background color distributions

across datasets.

2.4 Construction of experimental training
and testing sets

We generated training data subsets for the nine linked exper-

iments summarized in Table 1. Because our objective was object

detection rather than image classification, both synthetic and real

images could contain multiple whales, with each whale having its

own manually annotated bounding box (hereafter referred to as an

instance), resulting in a greater number of instances than images.

The exact image, instance, and flight counts for each experiment are

provided in Supplementary Table 1. The training sets for

Experiments E1, E2, and E5, and the validation and test sets, were

generated by sampling subsets from the Happy Humpbacks dataset.

To do this, images in the dataset were first grouped by flight ID, and

independent sampling was performed within each flight using a

random starting point followed by regular interval (stride) sam-

pling. The stride length was adjusted according to the number of

images in each flight so that all flights remained proportionally

represented in the final subset. A subset of these sampled images

was then selected to preserve the distribution of whale instances per

image seen in the original Happy Humpbacks dataset. This ap-

proach reduces autocorrelation among consecutive drone frames in

the training datasets while maintaining representation

across flights.

To simulate data scarcity and reduced survey diversity for

Experiments E6–E9, real training subsets were generated with a

target number of instances while minimizing the number of flights

included. Images were grouped by flight ID, and candidate flight

groups were sampled iteratively, starting with the smallest number

of flights. For each candidate set, images were searched to identify a

subset whose total instance count matched the target instance

count. The subset with the fewest flights meeting the target instance

count was selected. In Experiments E4, E5, and E8, the full synthetic

dataset of 2,112 images was used.

For Experiments E3, E7, and E9, datasets were partitioned into

two subsets, A and B, using stratified random sampling based on

instance-per-image counts. Images were grouped by instance count,

randomly shuffled within each group, and split using a 50:50 ratio.

A subsequent correction step involving the addition, removal, or

swapping of images was applied to better match target instance

totals while preserving the instance-per-image distribution.

Detection models were trained independently on the A and B

subsets to evaluate sensitivity to training data sampling. Because

differences in detection model performance between paired training

subsets were much smaller than the treatment effects
frontiersin.org
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(Supplementary Figure 2), results for these experiments are re-

ported as the average across A and B subsets to sim-

plify interpretation.

2.5 Model training and evaluation

We trained YOLOv8s detection models for all nine experiments

(Redmon et al., 2016). YOLO architectures are widely used for

wildlife detection tasks (Dave et al., 2023; Roy et al., 2023; Chen

et al., 2024), and we selected YOLOv8s for its balance among

accuracy, inference speed, ease of deployment in real-world pipe-

lines, and suitability for our dataset size and detection task. Across

all experiments, we used a shared baseline configuration of 100

training epochs and a batch size of 32. We froze the first 21 layers to

fine-tune only the detection head for more stable optimization. All

other hyperparameters were kept at the default YOLOv8s settings.

All training runs were repeated across six random seeds, 0–5, for

each experiment. For Experiment E2, all default YOLOv8 data

augmentation was disabled by setting augmentation-related param-

eters to zero or false. Examples of built-in YOLOv8 augmentation

include flips, color contrast shifts, and blurs. All experiments were

executed on a 64-bit system using an NVIDIA GeForce RTX 4090

GPU with 24 GB VRAM, with the full set of experiments requiring

an average of 6.76 GPU hours per random seed. Training and

validation loss curves for all experiments are provided in

Supplementary Figure 3.

Model performance was evaluated using mean average preci-

sion at a 50% intersection-over-union threshold (mAP50), mean

average precision across thresholds from 0.50 to 0.95 intersection-

over-union (mAP50–95), precision, and recall. mAP50 quantifies

detection accuracy under a single moderate overlap criterion, where

predicted bounding boxes are considered correct if their intersec-

tion-over-union with matching ground-truth boxes is at least 50%.

In contrast, mAP50–95 averages precision across multiple intersec-

tion-over-union thresholds from 0.50 to 0.95 in increments of 0.05,
Frontiers in Ecology and Evolution 06
providing a more stringent assessment of localization accuracy.

Precision was calculated as the proportion of true positives relative

to all predictions, reflecting the tendency to avoid false positives.

Recall was calculated as the proportion of true positives relative to

all ground-truth instances, reflecting the ability to minimize missed

detections. Following confirmation of normality with Shapiro-Wilk

tests and homogeneity of variance with Levene’s tests, we compared

differences in detection model performance for all four metrics for

each experimental comparison described within Table 1 using

Student’s t-tests at a significance level of a = 0.05. P-values were

adjusted for multiple tests within each experimental comparison

using Holm’s correction. We also report the F1-Score for each

model, defined as (2 * Precision * Recall)/(Precision + Recall), but

did not analyze these results further given the near-identical overlap

with trends in precision and recall. All statistical analysis was

performed in R 4.4.3 (R Core Team, 2025).
3 Results

3.1 Dataset color channel comparisons

Significant differences were observed between real images

(Figures 3A, B), LoRA training images (Figures 3C, D), and synthetic

images (Figures 3E, F) for all LAB channels (two-sample K–S tests; all

p < 0.001, Supplementary Table 2, Supplementary Figure 4).

Similarly, significant differences were observed across all pairwise

dataset comparisons for all three RGB channels (all p < 0.001;

Supplementary Table 2, Supplementary Figure 5). PCA revealed

that synthetic images formed a distinct, tightly clustered group,

reflecting lower variation than either the real or LoRA fine-tuning

datasets (Figure 3G). Loading plot values for PCA showed that PC1

was dominated by the L channel (loading = 0.997), with minimal
FIGURE 3

Differences in imagery and image color characteristics between the real dataset, LoRA training dataset, and the synthetic dataset used in this study.
(A, B) Example images from the real training dataset. (C, D) Example images from the LoRA training dataset. (E, F) Example images from the synthetic
training dataset. Images were cropped to 512x512 pixels for this figure. (G) PCA of LAB channels from LAB color space for real, LoRA training, and
synthetic images.
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contribution from the A and B channels. PC2 had contributions from

A (loading = 0.766) and B (loading = 0.639) channels.

3.2 Overall model performance with
synthetic imagery

We trained detection models on a total of nine different training

datasets to evaluate the influence of synthetic imagery and data

augmentation on detection model performance. Results showing

mean performance across all metrics for the experiments are

available in Table 2.

The baseline model trained on 2,693 real instances achieved an

mAP50 of 0.7770, mAP50–95 of 0.5008, precision of 0.8744, and

recall of 0.7005. Disabling in-built data augmentation approaches

using the same training dataset in Experiment 2 substantially

reduced detection performance (Supplementary Figure 6).

Specifically, mAP50 decreased from 0.7770 to 0.5817

(p-adj. = 1.76 × 10-4) and mAP50–95 from 0.5008 to 0.2778

(p-adj. = 1.76 × 10-4). Precision and recall also declined signifi-

cantly, from 0.8744 to 0.6829 (p-adj. = 0.0014) and from 0.7005 to

0.5321 (p-adj. = 1.34 × 10-6), respectively.

The impact of replacing 50% of real training instances with

synthetic data in Experiment 3 resulted in reductions in mAP50

(0.7770 vs. 0.7616, p-adj. = 0.0043) and mAP50–95 (0.5008 vs.

0.4867, p-adj. = 2.52 × 10-4) (Figure 4). In contrast, precision (p-

adj. = 0.23) and recall (p-adj. = 0.21) did not differ significantly

(Supplementary Figure 7). Replacing real training data entirely with

synthetic data in Experiment 4 decreased performance substantially

across all metrics, representing the lowest overall performance

among all models tested in this study (Figure 4). mAP50 decreased

to 0.4070 (p-adj. = 1.88 × 10-8) and mAP50–95 to 0.1896

(p-adj. = 1.88 × 10-8). Precision and recall decreased to 0.5838

(p-adj. = 1.88 × 10-8) and 0.3779 (p-adj. = 3.4 × 10-9), respectively.

Doubling the training dataset size by adding an equal number of

synthetic instances in Experiment 5 had no effect on model

performance. While this configuration yielded the highest mean

values for mAP50 (0.7782), mAP50–95 (0.5014), and recall (0.7060)

across all experiments, these increases were not statistically signif-

icant relative to the baseline (mAP50: p-adj. = 1; mAP50–95:
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p-adj . = 1; precision: p-adj . = 1; recal l : p-adj . = 1)

(Supplementary Figure 8).

3.3 Model performance under reduced
dataset diversity

Reducing the diversity of training data in Experiment 6 caused

significant declines in mAP50 (0.7464, p-adj. = 0.0011) and

mAP50–95 (0.4542, p-adj. = 1.17 × 10-5) (Figure 5). Precision

and recall decreased to 0.8460 (p-adj. = 0.11) and 0.6888

(p-adj. = 0.17), although these changes were not significant

(Supplementary Figure 9). Augmenting this reduced-diversity

dataset with synthetic data in Experiment 8 increased mAP50 to

0.7557 (p-adj. = 0.39) but not significantly, while mAP50–95

significantly increased to 0.4698 (p-adj. = 0.0024). Precision and

recall also increased slightly, to 0.8543 (p-adj. = 0.62) and 0.6909

(p-adj. = 0.82), respectively, but these differences were

not significant.

When dataset size and diversity were reduced in Experiment 7,

mAP50 decreased to 0.7415 (p-adj. = 2.11 * 10-6) and mAP50–95 to

0.4448 (p-adj. = 1.17 × 10-5) (Figure 5). Precision and recall also

showed marginal but insignificant reductions to 0.8433

(p-adj. = 0.083) and 0.6835 (p-adj. = 0.083), respectively

(Supplementary Figure 9). Augmenting this smaller, limited-diver-

sity dataset from Experiment 7 with synthetic data in Experiment 9

resulted in no significant change in mAP50 (0.7436, p-adj. = 0.95),

but mAP50–95 increased significantly (0.4563, p-adj. = 1.1 × 10-4)

(Figure 5). Precision and recall did not change significantly (0.8537,

p-adj. = 0.94 and 0.6798, p-adj. = 0.96, respectively)

(Supplementary Figure 8).
4 Discussion

Automated detection frameworks for wildlife monitoring using

aerial imagery can improve accuracy and reduce manual effort

(Gray et al., 2019; Delplanque et al., 2023), accelerating the creation

of knowledge needed to study and conserve species at risk.
TABLE 2 Mean average precision at an IoU threshold of 0.50 (mAP50), mean average precision averaged over IoU thresholds from 0.50 to 0.95

(mAP50–95), precision, recall, and F1 score for all 9 experimental detection models evaluated in this study.

Experiment mAP50 mAP50–95 Precision Recall F1 Score

E1# 0.7770 ± 0.0068 0.5008 ± 0.0014 0.8744 ± 0.0276 0.7005 ± 0.0149 0.7775 ± 0.0071

E2 0.5817 ± 0.0412 0.2778 ± 0.0439 0.6829 ± 0.0806 0.5321 ± 0.0242 0.5974 ± 0.0444

E3 0.7616 ± 0.0092 0.4867 ± 0.0080 0.8579 ± 0.0177 0.6878 ± 0.0121 0.7633 ± 0.0090

E4 0.4070 ± 0.0196 0.1896 ± 0.0114 0.5838 ± 0.0314 0.3779 ± 0.0231 0.4584 ± 0.0222

E5 0.7782 ± 0.0034 0.5014 ± 0.0044 0.8669 ± 0.0260 0.7060 ± 0.0186 0.7778 ± 0.0073

E6 0.7464 ± 0.0110 0.4542 ± 0.0059 0.8460 ± 0.0094 0.6888 ± 0.0124 0.7593 ± 0.0075

E7 0.7415 ± 0.0072 0.4448 ± 0.0050 0.8433 ± 0.0214 0.6835 ± 0.0144 0.7547 ± 0.0075

E8 0.7557 ± 0.0080 0.4698 ± 0.0048 0.8543 ± 0.0161 0.6909 ± 0.0189 0.7637 ± 0.0062

E9 0.7436 ± 0.0091 0.4563 ± 0.0056 0.8537 ± 0.0273 0.6798 ± 0.0107 0.7566 ± 0.0107
Values are reported as the mean ± standard deviation across repeated training runs. Bold denotes best values at each metric. Experiment 1 (E1#) represents the baseline model used for
comparisons.
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FIGURE 5

Effects of adding diffusion-generated synthetic images to training datasets with reduced real-data diversity and size. Mean mAP50 (A, C) and
mAP50–95 (B, D) are shown for models trained using the full real dataset (real-only baseline [E1]), a reduced-diversity real dataset (fewer flights [E6]),
and the same reduced-diversity dataset supplemented with synthetic images (fewer flights + synthetic images [E8]) (A, B), and for models trained
using the full real dataset (real-only baseline [E1]), a smaller reduced-diversity real dataset (fewer flights + fewer images [E7]), and the same restricted
dataset supplemented with a matched synthetic subset (fewer flights + fewer images + synthetic images [E9]) (C, D). Brackets indicate pairwise
comparisons, with p-values derived from t-tests and adjusted for multiple tests within comparisons using Holm’s correction.
FIGURE 4

Effects of replacing real training images with diffusion-generated synthetic images on detection performance. Mean mAP50 (A, C) and mAP50–95
(B, D) are shown for models trained using a dataset in which half of the real images were replaced with synthetic images while total training size was
held constant (A, B; half real + half synthetic vs. real-only [E3 vs. E1]) and models trained using only synthetic images (synthetic-only vs. real-only
[C, D; E4 vs. E1]). P-values are derived from t-tests and adjusted for multiple tests within comparisons using Holm’s correction.
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However, idealized scenarios for model training with large, repre-

sentative, and diverse training datasets are often unmet. Although

synthetic image augmentation has shown promise in improving

model performance in other domains (He et al., 2023), its applica-

tion within wildlife ecology remains underexplored. Here, we

evaluated the feasibility of using diffusion-based synthetic imagery

generated via LoRA fine-tuning to augment training datasets for

humpback whale detection.

4.1 Differences in dataset diversity and
influence on detection model accuracy

We observed significantly decreased performance relative to the

baseline [E1] when built-in augmentation approaches in the YOLO

model were disabled [E2]. We also saw decreases in performance

when real images selected from a more limited number of drone

flights were used for detection model training [E6]. Both of these

experiments had the same number of training instances as the

baseline, highlighting that maximizing between-sample diversity

alongside leveraging existing augmentation frameworks is essential

for optimizing model performance (Wang and Yao, 2009).

The model trained exclusively on synthetic images [E4] per-

formed poorly, and synthetic images in this study exhibited reduced

diversity and differed significantly in color distribution compared to

real imagery. As a result, models trained solely on synthetic data

likely learned features that are not representative of real-world

conditions. Doubling the number of instances in the training

dataset using synthetic imagery [E5] yielded no significant gains,

indicating that synthetic augmentation offered little additional value

when real data were already diverse and abundant. These findings

reinforce that synthetic imagery should be used to complement

rather than replace real data. The optimal balance between real and

synthetic training data is likely to be task-specific, and future studies

evaluating a broader range of synthetic data proportions are needed

to determine how increasing synthetic representation influences

detection performance under different data availability conditions

(Rankin et al., 2020; Gaur et al., 2023).

4.2 Potential of synthetic imagery to
complement real data

Synthetic augmentation showed promise under conditions of

data constraint, although substituting real data for synthetic imag-

ery incurred measurable costs. When 50% of real data was replaced

with synthetic imagery [E3], mAP50 and mAP50–95 decreased

significantly, indicating reduced localization ability relative to the

real-only baseline. However, precision and recall did not change

significantly, indicating that partial substitution did not measurably

alter the model’s ability to correctly detect whales or the frequency

of false positive detections. This result suggests that limited substi-

tution of real data with synthetic images may preserve detection-

level performance when precise localization is less important, but

this comes at the cost of reduced average precision performance.

Nonetheless, retaining comparable precision and recall through

synthetic augmentation may be desirable in situations where

collecting representative real imagery is impractical because of
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logistical, financial, or environmental constraints, including polar

zones, conflict areas, remote islands, or otherwise inaccessible or

hazardous regions (Tremblay et al., 2018; Lynch, 2023; Jiguet et al.,

2025). Wildlife detection models are also vulnerable to distribution

shifts caused by environmental change, including habitat degrada-

tion, climate variation, and species range shifts (Taori et al., 2020;

Converse et al., 2024). Collecting real training data for all relevant

environmental conditions is impractical, particularly for transient

states which may not occur often. Consequently, models trained on

limited data may fail to generalize to underrepresented environ-

ments (Song et al., 2025). Synthetic imagery can help address this

limitation by approximating these conditions, enabling training

across a broader range of scenarios and supporting model robust-

ness under future environmental change (Pan et al., 2025). In

addition, synthetic data may help democratize wildlife detection

using high-resolution satellite imagery, where data acquisition is

often constrained by high costs and restricted access (Wu et al.,

2023). By generating realistic proxy datasets that mimic satellite

imagery, diffusion-based approaches can expand data availability

and support broader application of satellite detection models

(Duporge et al., 2026).

4.3 Enhanced performance under dataset
deficiency scenarios

When real training data were limited in size or diversity [E8–

E9], synthetic augmentation significantly improved mAP50–95,

whereas mAP50, precision, and recall did not differ significantly.

This pattern suggests that synthetic image augmentation under

data-deficient conditions can improve localization of detected

whales in certain cases. Importantly, the mAP50–95 improvement

occurred in both data deficiency scenarios despite the limited pixel

diversity of the synthetic imagery and the use of LoRA fine-tuning

data drawn from a small dataset wholly distinct from the detection

model training set of real images. These results demonstrate that

LoRA fine-tuning can generate synthetic imagery that provides a

measurable downstream benefit under some data-deficient condi-

tions, even if the fine-tuning dataset is independent of the detection

model training data, akin to existing transfer learning frameworks

(Kumari et al., 2023). However, whether similar benefits occur

across other performance metrics, datasets, species, or detection

tasks remains to be established.

These findings have potential relevance for boosting detection

of species that are hard to detect in aerial images, such as rare or

difficult-to-observe species, which often lack sufficient data for

effective model development (Beery et al., 2018, Langenkämper

et al., 2019). Data deficiency can increase the risk of overfitting,

where the model fails to learn distinguishing features of the rare

species and instead learns noise present within training images

(Janga et al., 2023). Furthermore, wildlife annotations derived from

aerial images can often hold a high degree of uncertainty, such as

when visibility conditions are poor or distinguishing features are

ambiguous (Delisle et al., 2022). These low-certainty annotations

are frequently excluded fromMLmodel development efforts (Green

et al., 2023), further reducing the available pool of data and

potentially biasing models toward more easily detectable or visually
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distinguishable individuals. Synthetic imagery can address these

issues by generating additional training images for rare species and

mimicking uncertain visual conditions, such as partially submerged

whales, while maintaining a known ground-truth label.

Data deficiency also commonly manifests in the form of class

imbalances. Aerial imagery often captures multiple species or

behaviors, necessitating robust multi-class detection models

(Patton et al., 2023). However, in real-world data, dominant species,

conditions, or behaviors are often overrepresented while others are

scarce, reducing detection model performance (Leevy et al., 2018).

Although we did not explicitly evaluate class imbalance here, the

same principle underlying our experiments (augmenting underrep-

resented training data) could also be applied to minority classes by

simulating infrequent behaviors or increasing representation of

low-observation species (Jayagopal et al., 2024; Niu et al., 2025).

For example, augmenting a camera trap dataset with synthetic

images of deer reduced identification errors for this underrepre-

sented class (Beery et al., 2020), illustrating the potential of targeted

augmentation to improve model performance.

4.4 Methodological considerations and
tradeoffs

Other strategies for synthetic augmentation exist, such as using

text-to-image prompts from unoptimized generative diffusion models

(Durand et al., 2026), de novo training of generative diffusion models

(Duporge et al., 2026), or 3D simulation within virtual environments

(Gaur et al., 2023). The LoRA fine-tuning approach used in this study

offers several practical advantages. First, compared to generic prompt-

based generation, fine-tuning enables more consistent control over key

image attributes, such as viewing angle or background conditions,

without requiring extensive prompt engineering or manual curation

(see Supplementary Figure 9 for an example). Durand et al., 2026

reported small increases in performance from models trained on a

combination of real and synthetic aerial images of muskox, with

synthetic images in their study generated via text-based prompts

from OpenAI’s image generation diffusion model DALL-E 2.

However, this approach yielded only 160 usable images out of 1,000

generated, necessitating extensive prompt engineering to create text

prompts suitable for image generation and substantial human filtering.

In contrast, the fine-tuning method used in this study requires no

manual filtering of generated images and operates using minimal

hyperparameter adjustments within the open-source Diffusers frame-

work. Furthermore, this approach is computationally inexpensive. It

required only several hours combined for both model fine-tuning and

generation of thousands of images using a single NVIDIA A100 GPU,

which is readily accessible to any researcher through cloud computing

services for only $1 to $5 USD per GPU hour.

Relative to 3D simulation approaches, which often require

substantial effort to construct realistic environments and refine

object representations (Gaur et al., 2023; Lin et al., 2023), diffu-

sion-based fine-tuning provides a more accessible and efficient

alternative using open-source models such as Stable Diffusion XL

1.0. In this approach, the model can directly learn characteristics of

the environment and camera angle during fine-tuning, without

requiring further parameterization. LoRA fine-tuning also
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considerably decreases the computational burden associated with

training diffusion models de novo by leveraging base knowledge

from foundation model training to excel in domain-specific tasks

(Hu et al., 2021). Other studies evaluating diffusion models for

image augmentation have generated millions of images, revealing

the scalability of this approach (Azizi et al., 2023).

However, fine-tuning diffusion models depends on the avail-

ability of high-quality reference imagery. In cases where these

training images are unavailable, prioritizing the collection and

annotation of real data remains critical. In addition, we observed

homogenization of visual data in the synthetic imagery, with color

distributions differing significantly and having reduced diversity

compared to real images used for fine-tuning, suggesting LoRA

fine-tuning can reduce dataset diversity and constrain model

generalization. Finally, diffusion model development demands

significant energy and water usage (Li et al., 2025). While using

pre-trained diffusion models produces significantly lower emissions

than training a base diffusion model, fine-tuning and inference can

still be costly. To date, no studies in wildlife ecology have explicitly

evaluated how various augmentation strategies differ in computa-

tional cost, time investment, and detection performance.

In the present study, all downstream experiments were con-

ducted using a single object detection architecture (YOLOv8s), with

humpback whale detection in the Western Antarctic Peninsula

serving as a benchmark case study. Different object detection

architectures, such as one-stage, two-stage, and transformer-based

approaches, can differ in their robustness to distribution shifts and

synthetic training data (Zhao et al., 2019; Carion et al., 2020).

Consequently, while the workflow presented here for generating

and incorporating synthetic imagery is applicable regardless of

detection architecture choice, the magnitude of the observed

performance gains may be architecture-specific. Likewise, our

study did not evaluate transferability across contrasting environ-

mental settings or ecological systems. Environmental conditions

such as background characteristics, habitat complexity, and imaging

conditions may influence both synthetic image generation and

downstream detector performance (Schneider et al., 2020;

Corcoran et al., 2021). Determining whether the benefits of syn-

thetic augmentation observed here extend across a broader range of

species, ecosystems, environmental conditions, generative models,

and object detection architectures is therefore paramount for

future applications.

4.5 Avenues for further research

We highlight three areas where further work is needed to

advance the application of synthetic imagery in wildlife detection.

First, improvements in image generation methods are needed to

address the generation of hallucinated features and reduced diver-

sity in synthetic datasets. Although we did not explicitly quantify

hallucinations in this study, their presence has been documented

previously in diffusion model-generated imagery and may influence

downstream model performance (Chen et al., 2025). Distinguishing

diffusion-generated artifacts from biologically plausible scenarios in

aerial wildlife imagery, such as overlapping or partially occluded

animals, is itself challenging and requires standard annotation
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protocols. Our objective in this study was to evaluate a practical

end-to-end workflow requiring minimal manual intervention fol-

lowing image generation, rather than extensive manual curation of

synthetic images. Future work should therefore seek to quantify the

prevalence of hallucinated features, evaluate how alternative anno-

tation or filtering strategies influence downstream detection model

performance, and develop methods that enable more granular

control over generated outputs (Sundaram et al., 2025). For exam-

ple, training multiple fine-tuned generative models, with each one

designed to create images reflecting specific environmental condi-

tions, species, or behaviors, may better capture ecological variability

and improve generalizability. This could help overcome the ho-

mogenization effects from fine-tuning observed in this study and

expand the diversity of synthetic training data.

Second, there is a need for improved metrics to evaluate the

utility of synthetic imagery. Traditional assessments of image quality

often assess visual realism or correlation with real imagery (Heusel

et al., 2017; Zhang et al., 2018; Jayasumana et al., 2024) and our initial

investigation here into differences among pixel color variation across

synthetic and real imagery reveal important differences not immedi-

ately obvious to the viewer. For wildlife detection applications, the

utility of synthetic images should be defined by the extent to which

synthetic data improves downstream model performance, as visually

realistic synthetic images do not necessarily provide greater utility for

downstreammodel training (Geng et al., 2024). For wildlife detection

applications, synthetic image quality should therefore ultimately be

evaluated in relation to downstream task performance. Establishing

these relationships will require experiments that systematically quan-

tify or manipulate characteristics of synthetic datasets, including

realism, diversity, and presence of hallucinated features, and evaluate

their effects on independently trained detection models. Developing

metrics which incorporate these characteristics to reliably predict

downstream utility for detection represents an important methodo-

logical challenge for future research.

Finally, broader validation is required to determine the gener-

alizability of the patterns observed in this benchmark study. The

detection performance effects reported here were derived from a

single species, ecosystem, generative model, and object detection

architecture and therefore cannot be interpreted as universal

decision rules for synthetic augmentation. Future studies should

test comparable experimental designs across these variables to

determine which characteristics govern when synthetic imagery

provides benefits or incurs performance costs. Integrating synthetic

image generation directly with model training may further improve

the efficiency of these workflows. Rather than treating image

generation and model development as separate processes, down-

stream detector performance could guide subsequent rounds of

image generation so that synthetic imagery targets specific model

weaknesses (Jiang and Wu, 2024).
5 Conclusions

This study provides a robust assessment of how synthetic

imagery generated via diffusion model fine-tuning can function as
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a tool for data augmentation when training wildlife detection

models for rare or data-deficient species. Within this case study,

replacing 50% of real training images with synthetic data main-

tained precision and recall but reduced mAP50 and mAP50-95. In

contrast, adding synthetic data to real datasets limited in diversity

or quantity improved mAP50–95, but mAP50, precision, and recall

remained unchanged. Synthetic imagery provided no benefit when

diverse real training data were already available and substantially

reduced detection performance across all metrics when used with-

out real training imagery. Taken together, these findings demon-

strate synthetic imagery generated using diffusion model fine-

tuning can be a practical and computationally efficient tool for

addressing data limitations in wildlife detection workflows, but its

utility depends strongly on the composition of the available training

data and the performance objective of interest. Because the quan-

titative patterns observed here were derived from a single species,

ecosystem, generative model, and detection architecture, further

validation is needed to determine how these relationships generalize

across ecological and computer vision applications. As generative

models continue to advance, their integration into wildlife detection

workflows will require careful evaluation of both their benefits

and limitations.
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No worries! How synthetic images can alleviate image scarcity in wildlife surveys: A
case study with muskox (Ovibos moschatus). Remote Sens. Ecol. Conserv. n/a.
doi: 10.1002/rse2.70056

El-Kaddoury, M., Mahmoudi, A., and Himmi, M. M. (2019). “Deep generative models
for image generation: A practical comparison between variational autoencoders and
generative adversarial networks,” in Mobile, Secure, and Programmable Networking.
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