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Abstract

Accurate population estimates are essential for wildlife management, providing

critical insights into species abundance and distribution. Traditional survey

methods, including visual aerial counts and GNSS telemetry tracking, are widely

used to monitor muskox (Ovibos moschatus) populations in Arctic regions.

These approaches are resource-intensive and constrained by logistical chal-

lenges. Advances in remote sensing, artificial intelligence, and high-resolution

aerial imagery offer promising alternatives for wildlife detection. Yet, the effec-

tiveness of deep learning object detection models (ODMs) is often limited by

small datasets, making it challenging to train robust ODMs for sparsely distrib-

uted species like muskoxen. This study investigates the integration of synthetic

imagery, created with diffusion-based models, to supplement limited training

data and improve muskox detection in zero-shot and few-shot settings. We

compared a baseline model trained solely on real imagery with five zero-shot

(ZS1–ZS5) and five few-shot (FS1–FS5) models that incorporated progressively

more synthetic imagery in the training set. For the zero-shot models, where no

real images were included in the training set, adding synthetic imagery

improved detection performance. As more synthetic images were added, perfor-

mance in precision, recall, and F1 score increased, but eventually plateaued,

suggesting diminishing returns when synthetic images exceeded 100% of the

baseline model training dataset. For few-shot models, combining real and syn-

thetic images led to better recall and slightly higher overall accuracy compared

with using real images alone, though these improvements were not statistically

significant. Our findings demonstrate the potential of synthetic images to train

accurate ODMs when data are scarce, offering important perspectives for wild-

life monitoring by enabling rare or inaccessible species to be monitored and to

increase monitoring frequency. This approach could be used to initiate ODMs

without real data and refine it as real images are acquired over time.

Introduction

The development of wildlife management and conservation

plans typically relies on accurate estimates of animal density

or abundance and population trends based on direct or indi-

rect survey methods (Lancia et al., 2005; McComb et al., 2010;

Sinclair et al., 2006). By providing critical data on animal

populations, wildlife surveys play a crucial role in assessing the

health of habitats, identifying threatened species, understand-

ing population dynamics, monitoring the influence of human

activities on biodiversity, and studying changes in the spatial

distribution of species, which are essential for developing

effective management strategies (Buckland et al., 2001;

McComb et al., 2010; Walters, 1986; Witmer, 2005).
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Traditional wildlife monitoring methods, such as total

and sampled counts as well as indirect estimates of popu-

lation size (e.g., footprints, droppings, nests), are

resource-intensive which may limit survey frequency and

geographical scope (Newey et al., 2015; Prosekov

et al., 2020; Sinclair et al., 2006; Wang et al., 2019; Wit-

mer, 2005). In addition, indirect methods using indices

may not accurately estimate population size due to

imperfect metric correlations (Lancia et al., 2005; Prose-

kov et al., 2020; Williams et al., 2002).

Distance sampling conducted through aerial surveys,

typically using visual counting techniques, is a common

approach among wildlife management organizations for

estimating large terrestrial animal abundance (Le Moullec

et al., 2017; Prosekov et al., 2020; Schmidt et al., 2022).

These methods are highly efficient in covering large and

open areas (Lancia et al., 2005) but are not without limi-

tations, including observer fatigue, reduced visibility in

adverse weather, and the need for trained personnel

(Caughley, 1974; Fleming & Tracey, 2008; Witmer, 2005).

In recent years, distance sampling has evolved to incorpo-

rate the photographing of large populations, which

enhances estimates by allowing for more accurate

post-survey counting and detailed population composi-

tion analyses, such as assessments of age and sex ratios

(Adamczewski et al., 2021; Couturier et al., 2018; Davison

& Williams, 2022; Schlossberg et al., 2016). However, the

application of these improved hybrid methods to species

like the muskox (Ovibos moschatus), which are unevenly

and sparsely distributed across vast and remote territories,

presents additional challenges and complexities.

The muskox is a large ungulate belonging to the Bovi-

dae family, primarily inhabiting the Canadian Arctic tun-

dra and Greenland (Cuyler et al., 2020; Gunn &

Adamczewski, 2003). This species holds significant eco-

nomic and cultural value for Inuit communities, serving

as both a traditional food source and a contributor to

local economies through hunting and qiviut fleece (Cuy-

ler et al., 2020; Kutz et al., 2017). Most muskox popula-

tions are welcomed by indigenous communities for their

integral role in socio-cultural identity, artistic expressions,

and traditional diet. In regions where muskox presence is

recent or where the species has been introduced, however,

muskox are viewed as a potential competitor for declining

caribou (Rangifer tarandus) populations (Brodeur

et al., 2023; Kutz et al., 2017). Moreover, climate change

is increasingly affecting the Arctic, leading to more fre-

quent and intense winter warming and rain-on-snow

events (AMAP, 2017). These changes significantly disrupt

the foraging habits of species such as caribou and musk-

oxen, while also altering vegetation through processes like

shrubification which can have a variable impact on herbi-

vore species (AMAP, 2017; Lemay et al., 2018). This

highlights the need for accurate population monitoring to

assess the health and resilience of wildlife populations and

the ecosystems they inhabit, as well as to promote sus-

tainable coexistence between species such as muskoxen

and local communities (Cuyler et al., 2020; Kutz

et al., 2017).

Distance sampling, most commonly conducted through

aerial transect surveys, is the main method used to esti-

mate muskoxen populations across their Arctic range

(Cuyler et al., 2020; Gunn & Adamczewski, 2003). These

surveys are typically carried out between March and Sep-

tember, with a team of observers counting animals and

recording compositional characteristics using either heli-

copters or small planes (Cuyler et al., 2020). In this con-

text, oblique imagery is typically preferred during visual

surveys, as it facilitates identification of animals and

assessment of sex and age (Adamczewski et al., 2021;

Lamprey et al., 2020).

Estimating abundance is a complex process due to

numerous challenges in data collection. Conducting sur-

veys in the Arctic is costly and resource-intensive (Kutz

et al., 2017), requiring trained personnel such as pilots,

observers, and data analysts, along with specialized equip-

ment like cameras and Global Navigation Satellite System

(GNSS) beacons (Alaska Department of Fish and

Game, 2001; Anderson, 2016; Davison & Williams, 2022).

The logistical challenges are compounded by the remote-

ness of wildlife habitats, necessitating refueling stations,

favorable weather conditions, and adherence to regula-

tions, all while trying to cover vast areas sometimes cross-

ing jurisdictional boundaries with low and uneven animal

density (Cuyler et al., 2020; Environment and Climate

Change Canada, 2022).

These challenges contribute to the complexity of moni-

toring muskox populations and partly explain the absence

or imprecision of key demographic parameters for several

populations (Cuyler et al., 2020; Kutz et al., 2017). This

lack of information limits evidence-based management

decisions and constrains the broader understanding of

muskox ecology, as well as their economic potential for

northern communities (Kutz et al., 2017).

Recent advances in drone technology and sensor minia-

turization, combined with the increasing availability of

high-resolution satellite imagery, have the potential of

revolutionizing wildlife detection (Delplanque et al., 2024;

Linchant et al., 2015; Wang et al., 2019). These innova-

tions, when combined with artificial intelligence, particu-

larly convolutional neural networks (CNNs), offer

numerous benefits such as decreased costs and time

invested, reduced risk related to working in remote

regions, and automated data processing (Delplanque

et al., 2023; Eikelboom et al., 2019; Gonzalez et al., 2016).

Despite these benefits, developing such approaches
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requires large datasets, which can be a limitation for spe-

cies like the muskox, where data are scarce.

To address this limitation, zero-shot and few-shot

learning techniques have been developed, enabling models

to rapidly generalize to new tasks from limited data

(Antonelli et al., 2022; Huang et al., 2023; Wang

et al., 2021). These approaches empower models to learn

and adapt to new tasks or domains with minimal anno-

tated samples, facilitating more precise and efficient mon-

itoring (Yang et al., 2022). Key strategies within zero-shot

and few-shot learning include metric-based, optimization-

based, memory-based, data augmentation-based, and

transfer learning methods (Wang et al., 2021). While

few-shot strategies have been applied in certain ecological

studies (Yang et al., 2022; Zhang et al., 2023), the use of

synthetic data, particularly synthetic images created with

advanced generative models, as part of data augmentation

or zero-shot frameworks remains unexplored in the con-

text of wildlife surveys.

The objective of this study is to assess the effectiveness

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

ing the detection and counting of remote and sparsely

distributed species such as muskoxen using both real and

synthetic high-resolution aerial imagery. The synthetic

images were produced using advanced generative methods,

such as the diffusion model DALL-E 2, to simulate realistic

environmental conditions and animal representations.

Materials and Methods

Study area

Study areas are located in Quebec and the Northwest Ter-

ritories (Canada), where nadir-like aerial imagery of

muskoxen has been acquired (Fig. 1). All images are con-

sidered nadir-like, as they were captured with a look angle

of 0° � 30°. In northern Quebec, wild-ranging popula-

tions of muskoxen live in the Ungava Bay and Hudson

Bay regions (Brodeur et al., 2023). These regions are

dominated by barren-cuestas, wetlands, erect-shrub tun-

dra, prostrate-shrub tundra, and shrublands (Leboeuf

et al., 2018). The Zoo Sauvage de Saint-F�elicien, located

in the Saguenay-Lac-Saint-Jean region of Quebec, houses

seven muskoxen in captivity in a fenced natural

Figure 1. Map of muskoxen population areas with acquired aerial imagery in Quebec and the Northwest Territories (Canada).
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environment with variable vegetation cover ranging from

boreal forest to open environments. In the Northwest

Territories, wild populations of muskoxen are found

around the East Arm of Great Slave Lake, an area south

of the treeline in the northern boreal forest. This region

is characterized by its many islands, clear waters, and

deep, complex shorelines (Piper, 2016).

Methodology

The methodological approach (Fig. 2) consists of two

main phases. The first phase, data preparation, includes

the acquisition of nadir-like aerial images of muskoxen

and the creation of synthetic images to supplement the

training datasets. Both real and synthetic images were

Figure 2. Methodological flowchart for the development of the object detection models.
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annotated. The second phase focuses on training multiple

CNN-based object detection models (ODMs) to automat-

ically detect and count muskoxen in these nadir-like

images. ODMs inspired by zero-shot learning strategies

were trained exclusively on synthetic images, while ODMs

inspired by few-shot learning strategies were trained on

datasets that combined real and synthetic images. Addi-

tionally, classical data augmentation techniques were

applied to all training datasets to further diversify them.

Each of these steps is detailed in the following subsections

of the methodology.

Nadir-like aerial imagery acquisition

Aerial nadir-like images used in this study were provided

by two government agencies and a wildlife zoo. The Min-

ist�ere de l’Environnement, de la Lutte contre les Change-

ments Climatiques, de la Faune et des Parcs (MELCCFP)

of the Quebec government and the Department of Envi-

ronment and Natural Resources of the Northwest Terri-

tories provided images from previous wildlife surveys

(Table 1). Additionally, a field campaign at the Zoo Sau-

vage de Saint-F�elicien in 2022 yielded further aerial

images captured by drone over the muskox enclosure. In

total, 96 nadir-like aerial images were used for training

and validation of the ODMs, while the 996 nadir-like

aerial images acquired by the MELCCFP in 2023 were

reserved for testing (Table 1). This data distribution was

designed to emphasize ODM training based on scarce

data, and testing using a dedicated field campaign aimed

to acquire nadir-like images.

Advanced Data Augmentation

Advanced data augmentation involved the creation of

synthetic images to enhance the diversity of data used for

training ODMs, leveraging OpenAI’s DALL-E 2 text-to-

image diffusion model (Ramesh et al., 2022). The model

created synthetic images based on text prompts describing

the muskox’s ecological context (e.g., “snowy landscape

with herds of up to 75 animals”) and specific image

acquisition characteristics (e.g., “nadir-like view, photo-

realistic style”). Among several prompts tested (see

Appendix S1), “Herd of muskoxen seen from above with

a winter background, aerial imagery” consistently pro-

duced the best results. Images were generated via a cus-

tom Python script using the DALLE 2 API. This allowed

for automated batch creation of 10 images at a resolution

of 1024 9 1024 pixels to allow later cropping and resiz-

ing when incomplete muskoxen appeared on the image

periphery. Synthetic images were produced between 2022

and 2024, after which they were manually filtered to

retain only the most realistic outputs, resulting in a total

of 160 retained images (Fig. 3). This approach was used

to augment datasets for both zero-shot and few-shot

models.

Dataset creation

Eleven separate datasets were created to assess the effec-

tiveness of zero-shot and few-shot learning techniques

using synthetic images (Table 2). All except the baseline

dataset included a combination of real and synthetic

Table 1. Specifications of acquired nadir-like aerial images. All images are nadir-like, meaning they were acquired with a look angle of 0° � 30°.

Dataset

Training and validation
Testing

Zoo Sauvage de

Saint-F�elicien Hudson Bay, Ungava Bay Great Slave Lake Hudson Bay, Ungava Bay

Study area Quebec, Canada Quebec, Canada Northwest Territories,

Canada

Quebec, Canada

Source C�egep de Saint-F�elicien MELCCFP ENR MELCCFP

Acquisition period March 2022 March 2019–2020 March–April 2018 March 2023

Aerial platform Drone Helicopter Plane Helicopter

Flight altitude 60–100 m 100–400 m 100–500 m 100–400 m

Camera model FC6310R Canon EOS 5DS Nikon D3X, Nikon D800 Canon EOS 5DS

Zoom lensa Phantom 4 Pro (DJI),

8.8–24 mm, f/2,8–11

EF (Canon), 100–400 mm,

f/4.5–5.6

Nikkor AF-S (Nikon),

28–300 mm, f/3.5–5.6

EF (Canon), 100–400 mm,

f/4.5–5.6

Image resolution 4864 9 3648 (17.74 MP) 8688 9 5792 (50.32 MP) 7360 9 4912 (36.15 MP) 8688 9 5792 (50.32 MP)

Ground sampling

distance

0.68–3.08 cm/pixel 0.10–1.66 cm/pixel 0.16–8.71 cm/pixel 0.10–1.66 cm/pixel

Image quantity 60 35 1 996

Note: ENR: Department of Environment and Natural Resources. MELCCFP: Minist�ere de l’Environnement, de la Lutte contre les Changements Cli-

matiques, de la Faune et des Parcs.
a

The information presented includes the name and brand of the lens, focal length, and aperture.
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nadir-like aerial images. The baseline dataset, which con-

sists only of real images, serves as a baseline to bench-

mark performance against the zero-shot (ZS1–ZS5) and

few-shot (FS1–FS5) datasets. The zero-shot datasets were

composed exclusively of synthetic images. For the

few-shot datasets, all real images were included, with syn-

thetic images progressively added to increase the ratio of

synthetic-to-real data. Each dataset was partitioned into

training (80%) and validation (20%) subsets, with testing

using the dedicated subset of 996 images. All images were

manually annotated by a member of the research team

using the open source data labeling tool Label Studio

(Tkachenko et al., 2020).

Subsequently, the images were then decomposed into

patches with a resolution of 512 9 512 pixels, preserving

only those featuring muskoxen (Table 3). To ensure uni-

formity in muskox size across the images, resizing was

performed prior to patch creation. This step is essential

to account for different flight altitudes and variations in

equipment used during image capture.

Classical data augmentation

Classical data augmentation strategies involve leveraging

image transformation operations to augment the dataset,

primarily to limit overfitting when the training dataset is

Figure 3. Examples of real aerial imagery (a) and synthetic aerial imagery (b–d) produced using DALL-E 2. The synthetic images were generated

with the text prompt “Herd of muskoxen seen from above with a winter background, aerial imagery.”

Table 2. Composition of datasets. The baseline (BL) dataset exclusively comprises real images. The zero-shot datasets (ZS1–ZS5) consist solely of

synthetic images. The few-shot datasets (FS1–FS5) encompass a combination of real and synthetic images.

Images

Datasets

BL ZS1 ZS2 ZS3 ZS4 ZS5 FS1 FS2 FS3 FS4 FS5

Real 96 0 0 0 0 0 96 96 96 96 96

Synthetic 0 30 60 96 130 160 30 60 96 130 160

Total 96 30 60 96 130 160 126 156 192 226 256

6 ª 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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small and to improve the ODM’s generalization. The

Python library Albumentations (Buslaev et al., 2020) was

used to implement these operations. Throughout the

training and validation of the ODM, image normalization

was applied alongside operations such as brightness and

contrast adjustments, hue and saturation variations, flip-

ping, rotating, and downscaling, each with a 50% proba-

bility (Fig. 4). These augmentations were essential for

improving the performance of all ODMs (baseline, zero-

shot, and few-shot models) with limited annotated

samples.

Object detection model training and optimization

The HerdNet architecture (Delplanque, Foucher,

et al., 2023), adapted from its original GitHub implemen-

tation, was selected for the ODM in this study. As a novel

point-based object detector, HerdNet is specifically

designed for accurate counting in dense groups and com-

plex scenarios. It employs crowd counting-inspired tech-

niques to effectively manage high-density object

distributions. Tailored for detecting and counting ani-

mals, HerdNet has demonstrated superior performance

compared with Faster R-CNN, making it a promising tool

for wildlife monitoring. Additionally, its use of point

labels significantly accelerates the image annotation pro-

cess, offering a more efficient and accurate tool for

detecting and counting animals in aerial imagery.

To optimize ODM performance, multiple training iter-

ations were performed with incremental adjustments to

the model’s weights (see Appendix S2). Each iteration

was evaluated using precision, recall, and F1 score met-

rics. Precision measures the accuracy of positive predic-

tions, while recall measures the detection rate of all

relevant instances. The F1 score, which is the harmonic

mean of precision and recall, was prioritized over mean

average precision (mAP), as the ODM is trained to detect

a single object class (i.e., muskoxen). Bilinear interpola-

tion was used for image resizing to reduce artifacts and

distortions. Bounding box labels were converted to point

labels by using the centroid of each bounding box. Dur-

ing patch creation, partial labels were retained if at least

50% of their surface area overlapped with the patch.

Some parameters used for preprocessing the training data,

such as patch width, height, overlap, number of epochs,

and learning rate, remained unchanged throughout the

optimization process.

To mitigate biases stemming from arbitrary random image

allocation between training and validation, the best ODM

underwent retraining using fivefold cross-validation (see

Appendix S3). Images from the training dataset were ran-

domly partitioned into five equal-sized groups. Each group

was then utilized once as a validation set, while the remaining

groups served as training sets during each iteration.

Statistical analysis

Statistical tests were used to evaluate differences between

models’ performance metrics (precision, recall, and F1

score) on the test dataset. Normality of the data was first

Table 3. Number of patches and labels available for training and validation of object detection models across datasets. Due to their limited

dimensions, synthetic images provided significantly fewer patches for zero-shot models (ZS1–ZS5) compared to those available for few-shot

models (FS1–FS5) and the baseline (BL) model.

Datasets

BL ZS1 ZS2 ZS3 ZS4 ZS5 FS1 FS2 FS3 FS4 FS5

Patches 1189 183 338 544 741 910 1372 1527 1733 1930 2099

Animals 4083 669 1148 1829 2571 3042 4752 5231 5912 6654 7125

Figure 4. Examples of classical data augmentation applied to muskox images. The original image (a) underwent modifications with randomized

brightness, contrast (b), and flipping (c).
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assessed with the Shapiro–Wilk test, followed by the

Levene test for variance homogeneity. ANOVA was used

to compare means when normality was observed. Other-

wise, the Kruskal–Wallis test was applied to compare

medians. Significant results (P < 0.05) led to post hoc

tests: Dunn test for Kruskal–Wallis and Tukey HSD for

ANOVA, revealing significant pairwise differences between

models.

Results

Zero-shot object detection models

Increased numbers of images and patches considered in

zero-shot models (Fig. 5) resulted in increased precision,

from 0.76 � 0.03 for the ZS1 model to a value of 0.89

for the ZS4 (�0.01) and ZS5 (�0.04) models, along with

a moderate increase in recall, from 0.76 � 0.02 for ZS1

to 0.80 for ZS3 (�0.04) and ZS4 (�0.01). The F1 score

also increased from 0.76 � 0.02 for ZS1 to 0.84 � 0.01

for ZS4.

F1 scores of all zero-shot models were significantly

lower than that of the baseline model (Fig. 6). When

comparing zero-shot models together, F1 score

significantly increased from ZS1 to ZS2 and again from

ZS2 to ZS3. This reflects a progressive improvement in

the model’s ability to balance precision and recall as more

synthetic data are added. This improvement plateaued at

96 synthetic images, with ZS4 and ZS5 showing no signif-

icant difference from ZS3.

Precision of ZS1 and ZS2 was significantly lower than

the baseline model, while ZS3, ZS4, and ZS5 were not sig-

nificantly different (Fig. 6). Among zero-shot models, pre-

cision significantly improved from ZS1 to ZS2 and from

ZS2 to ZS3. This suggests that incrementally increasing

the number of synthetic images enhances the model’s

ability to reduce false positives. However, like the F1

score, precision gains plateaued at 96 synthetic images

(ZS3), as no further significant differences were observed

beyond this point.

The recall value for ZS1 was significantly lower than

that of the baseline model, whereas ZS2, ZS3, ZS4, and

ZS5 had wider confidence intervals and were not signifi-

cantly different from the baseline model. Additionally, the

recall values for ZS2, ZS3, ZS4, and ZS5 were significantly

different from each other (Fig. 6).

Finally, adding synthetic images to zero-shot models

did not have a stabilizing effect. The confidence intervals

Figure 5. Comparison of performance metrics for the baseline (BL) and the zero-shot (ZS1–ZS5) models, including precision, recall, and F1 score.

Standard deviation obtained from fivefold cross-validation is visually represented as a vertical interval at the top of each bar.
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remained significantly unchanged between ZS1 and ZS5

(Fig. 5), indicating persistent variability in performance.

Few-shot object detection models

Adding synthetic images and patches to few-shot models

(Fig. 7) decreased precision (about 4%) compared with

the baseline model, with the lowest value of 0.90 � 0.01

obtained by the FS3 model. Concurrently, there is an

apparent increase in recall (about 8%) and F1 score com-

pared with the baseline model, with performances increas-

ing, respectively, up to 0.93 � 0.02 for the FS3 model

and up to 0.91 � 0.01 for the FS4 model.

Precision for the FS3 and FS5 models significantly

decreased compared with the baseline model (Fig. 8). This

indicates that adding 96 synthetic images (100% of the

original dataset; FS3 model) or more to the original data-

set can lead to a significant decrease in precision. By con-

trast, recall showed an apparent increase with the

addition of synthetic images, but these differences were

not significant compared with the baseline model. While

FS3 had the highest recall out of all few-shot models, it

was not significantly different compared with the other

models. This suggests that adding synthetic data may

improve recall, but the effect is not strong enough to be

significant. Moreover, the differences in the F1 score

between the baseline and few-shot models were not statis-

tically significant, indicating that the balance between pre-

cision and recall remains stable despite changes in

training data composition.

Finally, the addition of synthetic images in few-shot

models resulted in a gradual decrease in the confidence

intervals for precision, recall, and F1 score (Fig. 7). Add-

ing synthetic images therefore enhanced the model’s

stability and performance consistency. It is also important

to note that few-shot models contain significantly more

images than zero-shot models, ranging from 1.6 times as

many in FS5 compared with ZS5 to 4.2 times as many in

FS1 compared with ZS1 (Table 2).

Detection statistics

To assess ODM behavior in a deployment-like setting, we

calculated true positives, false positives, and false nega-

tives per patch for three representative models: the base-

line, zero-shot (ZS3), and few-shot (FS3) (Table 4). On

average, across five folds, the FS3 model yielded the few-

est missed detections (0.32), compared with the baseline

(0.63) and ZS3 (0.87), indicating improved coverage.

However, this came with a modest increase in false posi-

tives (0.45) relative to the baseline (0.25), while ZS3

showed the highest false positive rate (0.49). These results

suggest that synthetic data, particularly in few-shot set-

tings, can effectively reduce missed detections, albeit at

the cost of a slightly greater manual review burden,

defined here as the human effort required to verify and

filter model predictions. By contrast, the substantially

higher false positive rate of ZS3 indicates a greater

post-processing workload in the absence of real training

data.

Discussion

Zero-shot learning: a promising alternative
for data scarcity

The application of zero-shot strategies in this study

yielded promising results, reaching over 80% detection of

Figure 6. Comparative analysis of performance metrics (precision, recall, and F1 score) for the baseline (BL) and the zero-shot (ZS1-ZS5) models.

An ANOVA was performed on precision, recall, and F1 score.

ª 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 9

S. Durand et al. Synthetic imagery for wildlife surveys

 20563485, 0, D
ow

nloaded from
 https://zslpublications.onlinelibrary.w

iley.com
/doi/10.1002/rse2.70056 by U

niversité D
e L

iège, W
iley O

nline L
ibrary on [06/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



muskoxen in real images using an ODM trained exclu-

sively on synthetic images. This result underscores the

potential of zero-shot strategies as an initial approach

in wildlife monitoring, particularly for developing

preliminary ODMs in the absence of real-world imagery.

By utilizing synthetic images and fine-tuning a pre-

trained model on ImageNet, a large-scale dataset com-

monly used for training deep learning models, zero-shot

Figure 8. Comparative analysis of performance metrics (precision, recall, and F1 score) for the baseline (BL) and the few-shot (FS1–FS5) models.

An ANOVA was performed on precision, while the Kruskal–Wallis test was applied to recall and F1 score.

Figure 7. Comparison of performance metrics for the baseline (BL) and the few-shot (FS1–FS5) models, including precision, recall, and F1 score.

Standard deviation obtained from fivefold cross-validation is visually represented as a vertical interval at the top of each bar.
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offers a practical solution to the challenges of animal

detection in data-scarce regions or for rare species with

little or no available imagery. Despite the promise of syn-

thetic data in deep learning applications, relatively few

studies have explored its use in wildlife surveys. Other

studies show that synthetic data can improve model

generalization for underrepresented classes. Beery

et al. (2020) found that synthetic examples created from

video game engines boosted classification accuracy for

rare species in camera trap data, while Shin et al. (2023)

used generative models to balance long-tailed medical

imaging datasets. These findings suggest similar gains may

be possible in wildlife monitoring when real images are

scarce or imbalanced.

These findings align with the work of Nguyen

et al. (2024), in which a YOLOv5s model was trained on

synthetic images from simulated environments for robot-

ics and autonomous detection systems. Their model

achieved a mAP of 93.1% at the 0.5:0.95 Intersection over

Union threshold, further demonstrating the effectiveness

of synthetic datasets in training robust ODMs. Similarly,

our findings are consistent with recent research by He

et al. (2022), which shows that incorporating synthetic

data can significantly enhance classification results in

zero-shot and few-shot recognition by improving the clas-

sifier’s learning ability. However, our study also suggests

that while synthetic data can be valuable, performance

gains may depend on factors such as dataset size and

model architecture, highlighting the need for further

exploration in wildlife monitoring contexts.

Adapting and refining text prompts used for synthetic

images creation also grants synthetic images a wide array

of benefits. These include the capacity to simulate rare,

dangerous, or challenging scenarios (e.g., monitoring

wildlife in remote Arctic regions where sending manned

crews poses significant logistical and safety risks), to miti-

gate biases in real-world datasets, and to precisely control

the diversity of training conditions. These capabilities

make synthetic images particularly valuable for wildlife

survey efforts in inaccessible or hazardous environments.

However, the observed performance variability in

zero-shot models and the diminishing returns of addi-

tional synthetic images highlight the importance of subse-

quent fine-tuning with real images to improve ODM

generalizability and robustness. This observation is further

supported by He et al. (2022), who demonstrates that

while synthetic data can greatly enhance model perfor-

mance, fine-tuning with even a small number of real

images can help reduce domain gaps and further improve

classification accuracy, although the extent of improve-

ment may vary depending on dataset composition and

training strategy. Moreover, findings by He et al. (2022)

on large-scale model pre-training suggest that synthetic

data can serve as a viable substitute for real images in

transfer learning, although their effectiveness may depend

on the characteristics of the task and dataset.

Few-shot learning: balancing real and
synthetic data

Few-shot strategies, which use a combination of real and

synthetic images, offer a practical and effective middle

ground solution between ODMs trained solely on real or

synthetic images. In our study, incorporating synthetic

images into a real-image dataset marginally improved

recall and stabilized model performance compared with

the baseline model when real data were scarce. However,

over-reliance on synthetic images, exceeding about twice

the size of the original dataset in this study, led to

observed decreases in precision (i.e., more false positives).

This emphasizes the importance of carefully balancing

synthetic image inclusion to optimize ODM performance.

Few-shot is particularly valuable for constructing

ODMs in scenarios where real images are limited or lack

diversity, as synthetic images can effectively augment real-

world datasets and enhance model generalization. These

findings somewhat align with research in computer vision

and intelligent urban systems, where models trained using

a combination of classically augmented real and synthetic

data performed similarly or better than those trained

solely on real or synthetic data (Abu Alhaija et al., 2018;

Lin et al., 2023; Shafaei et al., 2016; Tremblay

et al., 2018).

Role of real images in training object
detection models

While synthetic images play an important role in supple-

menting data and enabling early-stage ODM develop-

ment, field-acquired imagery remains essential for

training wildlife monitoring ODMs. Real imagery

Table 4. Detection and classification performance (true positives,

false positives, and false negatives) of the baseline (BL), few-shot

(FS3), and zero-shot (ZS3) models (fivefold average).

Model

Total counta Averageb

True

positive

False

positive

False

negative

True

positive

False

positive

False

negative

BL 52,957 3624 9122 3.64 0.25 0.63

FS3 57,482 6534 4597 3.96 0.45 0.32

ZS3 49,494 7081 12,585 3.41 0.49 0.87

a

Total counts are calculated for all 14,533 patches, each containing

one or more muskoxen.
b

Averages are computed as total counts divided by the number of

patches.
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provides ecological and contextual authenticity that is dif-

ficult to replicate synthetically. Our findings advocate a

hybrid approach, strategically combining real and syn-

thetic data to enhance model performance, especially in

data-scarce settings.

Implications for wildlife monitoring efforts

Future wildlife surveys, particularly for species showing

seasonal aggregative behavior in open habitats, should

consider incorporating nadir imagery in their protocol

rather than relying solely on oblique aerial imagery. Nadir

views, captured directly overhead, offer distinct advan-

tages for monitoring animals in environments like the

Arctic tundra, grasslands, or other open landscapes. These

advantages include reducing occlusion, improving count-

ing accuracy in dense groups, and enabling surveys at

higher altitudes, thereby minimizing disturbance to wild-

life. Currently, oblique imagery is often used in muskoxen

surveys to refine visually interpreted counts and assist in

determining sex and age (Davison & Williams, 2022).

While oblique imagery provides valuable benefits, such as

enhanced visibility of distinguishing features (Adamc-

zewski et al., 2021) and the ability to reveal animals par-

tially obscured by vegetation (Lamprey et al., 2020), it

can also introduce challenges like occlusion in large

groups. Given these factors, nadir imagery represents a

more practical approach for accurately assessing popula-

tion sizes and group structure in species that inhabit open

landscapes, including but not limited to muskoxen.

The use of ODMs, such as HerdNet, can streamline the

traditionally labor-intensive process of manual image

review. Typically, biologists must manually count animals

from images to verify population estimates (Adamczewski

et al., 2021), but an ODM could automatically generate

preliminary labels, allowing experts to focus on refining

these annotations rather than conducting the entire count

from scratch. Such an approach would reduce manual

workload, observer fatigue, and interpretation bias, while

also enhancing the objectivity and consistency of results

(Delplanque et al., 2023, 2024).

Moreover, the use of synthetic images can extend

beyond muskoxen to other species, offering substantial

benefits in any context where aerial imagery is used to

survey wildlife populations. It could prove useful for spe-

cies with limited available imagery, allowing models to be

initialized for species recognition even when only a small

dataset or no data at all are available. Over time, as more

real images of a species are collected through surveys and

made available, the need for synthetic images may

decrease. Therefore, data augmentation with synthetic

images is especially valuable during the initial phases of

monitoring new or understudied species.

While this study assessed the model’s performance

using metrics like precision, recall, and F1 score on real

images of muskoxen, future work could focus on deriving

population estimates directly from ODM detections.

These abundance estimates could then be compared to

those obtained through traditional wildlife surveys, pro-

viding valuable insights into potential biases and discrep-

ancies. Notably, previous work has shown that counts

from aerial imagery can be more precise than observer-

based counts (Hodgson et al., 2018), supporting a shift

toward image-based pipelines. Such comparisons would

not only help quantify the ODM’s detection probabilities

in relation to those from aerial transect sampling, but also

validate its accuracy and reliability for population moni-

toring. Continued testing under real-world conditions

could further demonstrate the model’s applicability, rein-

forcing its role as a complementary or alternative tool for

wildlife management and conservation decision-making.

Limitations

A notable limitation in using synthetic images for training

ODMs is the potential introduction of artifacts or pat-

terns absent from real-world data distributions. This chal-

lenge is particularly pronounced in multi-species contexts,

where distinguishing between target species demands high

precision (Delplanque, Lamprey, et al., 2023). Synthetic

images created by multimedia software or generative

models often differ from real imagery due to variations in

the image formation process, resulting in distinct inherent

characteristics (Corvi et al., 2023; Meena & Tyagi, 2019,

2021; Verdoliva, 2020). Additionally, synthetic images can

display unnatural qualities (Chen et al., 2023; Nirkin

et al., 2022; Peng et al., 2024), such as disproportionate

animals, blurriness around object edges, or unrealistic

ecological contexts where animals appear fused or

arranged unnaturally within a group. This unrealism

could further exacerbate detection errors. Cut-and-paste

methods can also be used to preserve object and back-

ground realism. However, tests performed using this

approach in our study showed that while model perfor-

mance can be similar to that obtained with DALL-E 2, it

requires considerably more manual effort and relies on

background image diversity that is rarely available in the

context of FSL and ZSL. While synthetic images enhance

generalization by increasing training diversity, over-

reliance can lead to overfitting (Abu Alhaija et al., 2018),

where the ODM misinterprets synthetic features as real,

increasing false positives and reducing precision.

Another limitation lies in the challenge of isolating the

specific contributions of synthetic image quality versus

data volume, especially in low-data settings. While perfor-

mance improvements were observed when adding
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synthetic data, further research is required to determine

whether these gains are attributable to the diversity of the

synthetic imagery or simply to the increased size of the

training set.

Diffusion-based generative models, such as DALL-E 2,

represent a promising avenue for generating highly realis-

tic synthetic images by progressively transforming random

noise into coherent images. These models show promise

for generating highly realistic images of animal species,

which can bootstrap automated processes for detection

and counting. However, they also face several limitations.

One key issue encountered in this study was the difficulty

of generating contextually accurate imagery for niche sub-

jects like muskoxen. When specific keywords such as

“muskox” and “nadir” were combined in prompts,

DALL-E 2 often produced mismatched perspectives, with

nadir environments but oblique animal views (Fig. 9).

This mismatch likely stems from the lack of diverse

nadir-view muskox images in the training data, which

predominantly features oblique angles. To our knowledge,

nadir images, often captured during photocensus studies,

are not publicly accessible. The issue may also be exacer-

bated by the model’s difficulty in fully interpreting

nuanced language in prompts, leading to images that fail

to fully reflect the intended meaning or context (Leivada

et al., 2023).

Attempts to enrich the dataset by searching 20 image-

sharing platforms (e.g., Dronestagram, Flickr, Imgur) for

additional nadir-like muskox images yielded no results,

reinforcing the hypothesis that DALL-E 2’s training data

are skewed toward more common oblique views. Further-

more, the model often struggled to render realistic depic-

tions of muskoxen, producing images with blended

features, distorted anatomy, or unnatural postures

(Fig. 10). Such inaccuracies complicated the annotation

process, as distorted depictions hindered clear

Figure 9. Examples of discarded synthetic images from DALL-E 2 exhibiting perspective mismatch when combining “muskox” and “nadir”

keywords.

Figure 10. Examples of discarded synthetic images from DALL-E 2 exhibiting unrealistic depictions of muskoxen. (a) Muskoxen appearing as an

indistinct blob. (b) Confusion between muskoxen and rocks. (c) A partial muskox with a shadow detached from its body.
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identification and labeling of subjects. Consequently, syn-

thetic images were manually screened for quality, with

84% of generated images discarded due to unrealistic out-

puts. Despite the high rejection rate, filtering was fast and

far less resource-intensive than acquiring and labeling real

imagery.

Another limitation of DALL-E 2 lies in its fixed output

resolution of 256 9 256, 512 9 512, or 1024 9 1024

pixels, which are smaller than the high-resolution aerial

images used in this study. Resizing was therefore applied

to standardize muskox sizes between real and synthetic

images. Despite being much more cost-effective than field

surveys, DALL-E 2 incurs a cost of $0.02 per image at

maximum resolution. Furthermore, batch generation is

limited to 10 images at a time, which constrained genera-

tion scalability. These limitations may be alleviated with

future improvements in generative models.

Future research directions

Next-generation of synthetic images

Future research should explore the impact of advanced

techniques for synthetic image creation and their impact

on the performance of ODMs. Special emphasis should

be given to modern generative models for image synthe-

sis, including likelihood-based diffusion models, currently

recognized as state-of-the-art on benchmarks such as

CIFAR-10, and generative adversarial networks, which

remain widely used and relevant for domain-specific tasks

and controlled testing datasets like LSUN and ImageNet

(Dhariwal & Nichol, 2021; Mehmood et al., 2024; Zhang,

Yi, et al., 2023; Zhang, Zhang, et al., 2023). The rapid

advancement of diffusion-based models highlights the

importance of reassessing model selection. DALL-E 2 was

chosen in this study for its then leading edge in visual

quality, particularly in rendering accurate lighting,

shadows, and textures, as well as its unique editing capa-

bilities such as inpainting and outpainting. Since then,

numerous other models have emerged, including DALL-E

3 (OpenAI, 2023), which builds on its predecessor’s

strengths, alongside popular alternatives like Stable Diffu-

sion (Stability AI, 2024), Midjourney (Midjourney, 2023),

and Imagen 3 (Imagen 3 Team, Google, 2024). However,

complementary analysis has shown that recent models,

such as Gemini (Gemini 2.5 Flash Image), are unable to

produce realistic images in the context of a wildlife sur-

vey. Other models, such as DALL-E 3, have shown better

realism in the images produced in this context compared

with DALL-E 2, but these improvements have not trans-

lated into a clear increase in model performance

(Appendix S4). As generative models continue to

improve, the usability of synthetic images is expected to

increase, reducing the need for manual filtering and fur-

ther supporting their adoption in wildlife applications.

Further exploration is also needed in more complex

ecological scenarios, such as multi-species detection and

cluttered natural environments, to test ODM generaliz-

ability. Additionally, assessing how the varying character-

istics of synthetic images (e.g., resolution, noise levels,

feature diversity) influence detection outcomes could

refine synthetic data strategies. Combining outputs from

multiple generative models or overlaying synthetic objects

onto real backgrounds, as done in (Abu Alhaija

et al., 2018), may also enhance the robustness and appli-

cability of ODMs trained with synthetic data.

Additionally, prompt engineering, the practice of

designing and refining input text prompts for AI models,

represents a significant area for future research in the cre-

ation of synthetic images using diffusion models. Research

shows that this process is essential for enhancing the

quality and relevance of synthetic images, as the formula-

tion of prompts can dramatically affect the resulting out-

put (Giray, 2023; Hao et al., 2022; Wang et al., 2023;

Zhou et al., 2022).

Real and synthetic satellite images

Interest in using very high-resolution (VHR) satellite

imagery for wildlife applications, particularly for animal

population surveys, is rapidly growing (Delplanque,

Th�eau, et al., 2024). Improvements in spatial and tempo-

ral resolutions make satellite imagery a promising tool for

efficiently surveying large areas, including remote or dan-

gerous locations, while minimizing wildlife disturbance.

However, integrating VHR satellite imagery into ODM

datasets poses significant challenges. The limited availabil-

ity and high cost of satellite imagery restrict both the spa-

tial coverage and the frequency of acquisitions.

Furthermore, coordinating satellite passes with animal

movements remains one of the most significant obstacles

to effective use, as animals may shift locations between

image captures (Delplanque, Th�eau, et al., 2024). Careful

consideration is needed of how VHR imagery is used,

particularly when incorporating it into workflows that

rely on generative models, which require consistent and

high-quality input data to perform effectively.

Until VHR satellite images become more widely avail-

able, feasibility studies using synthetic satellite images

could offer valuable insights. Future research should

explore the performance of ODMs trained on synthetic

satellite imagery, assessing their effectiveness in detecting

animals across diverse landscapes and image resolutions

compared with traditional aerial imagery. To maximize

the utility of this approach, the development of special-

ized generative models tailored for wildlife applications is
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essential. Emerging advancements in domain-specific gen-

erative models (Khanna et al., 2023) could offer the best

quality and realism for synthetic satellite imagery. These

innovations could bridge the gap in data availability and

expand the application of generative models in wildlife

monitoring.
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