Closing the Rare-Species Detection Gap in UAE
Camera Traps with Diffusion-Generated Data
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Abstract. In biodiversity monitoring, the species most critical to con-
servation outcomes are often those least represented in training data.
This study examines whether diffusion-based synthesis can improve de-
tection of such tail classes in long-tailed UAE camera-trap data without
additional field collection. DreamBooth Stable Diffusion v1-5 was fine-
tuned to generate approximately 700 images per under-represented class
(Camel, Cat, Ammomanes deserti, Emberiza striolata, Oenanthe alboni-
gra) and combined with real data under uniform and non-uniform sam-
pling at 1:1, 1:2, and 1:4 ratios with use of YOLOv6 Lite-S. Results were
class-dependent: Cat Fl-score increased by up to 0.36, Camel reached
Fl-score of 0.86 at 1:4 non-uniform ratio, whereas the smallest bird class
(Ammomanes deserti) consistently deteriorated, dropping to F1 scores
as low as 0.04, while other bird species showed mixed results. High FID
scores ranging from 634 to 1362 indicate a realism and domain-match gap
that constrains transfer; gains correlated more strongly with object scale,
visibility, and background congruence than with synthetic volume alone.
These findings suggest diffusion-assisted rebalancing can reduce annota-
tion cost and selectively enhance sensitivity to scarce species that drive
conservation decisions, but effectiveness is not uniform across species. A
class-aware synthesis protocol, stricter exemplar filtering, habitat- and
pose-aware prompt design, is recommended to narrow the realism gap
and stabilize benefits for small-bodied targets.
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1 Introduction

Biodiversity monitoring increasingly relies on camera traps to estimate species
activity, but these datasets are typically long-tailed, with common species over-
represented and rare species sparsely sampled, a pattern quantified in recent



camera-trap studies and benchmarks (Cunha et al., 2023; He et al., 2023). Man-
ual annotation at scale is costly and slow, and while modern object detectors
have improved throughput, rare-class performance remains limited. In the United
Arab Emirates (desert and mangrove systems, strong day/night variation), these
challenges are amplified. Improving rare-class detection without additional field-
work would reduce annotation burden and increase the value of camera-trap
programs for conservation decisions. Our objective is to test whether class-
conditional diffusion-generated images improve rare-class detection in camera-
trap data without additional field collection, and to characterize when synthesis
helps or harms. Specifically, we ask whether adding diffusion-generated samples
(Trabucco et al., 2024; Chen et al., 2022) raises rare-class Fl-score over a real-
only baseline; how mixing ratios (1:1, 1:2, 1:4) and sampling policies (uniform
vs. non-uniform) influence rare-class Fl-score and overall mAP; to what extent
object scale/visibility and background context alignment mediate outcomes; and
how synthetic—real similarity relates to gains or regressions. We consider the ap-
proach successful if rare-class improvements are achieved without material loss
in head-class performance or overall mAP.

We evaluate these questions on an Emirates Nature-WWF camera-trap dataset
from the Hajar Mountains. The distribution is strongly long-tailed, and imagery
reflects typical field constraints: day/IR-night bursts, motion triggers, small or
partially occluded targets, and frequent empty frames. We generate synthetic
images for five tail classes, namely: Camel, Cat, Ammomanes deserti (AD),
Emberiza striolata (ES), and Oenanthe albonigra (OA), using DreamBooth Sta-
ble Diffusion (v1-5), then train YOLOv6 Lite-S on mixtures of real and synthetic
data under uniform and non-uniform sampling at 1:1, 1:2, and 1:4 ratios. Eval-
uation emphasizes rare-class Fl-score alongside overall mAP, with FID used to
quantify synthetic-real similarity.

2 Related Work

Approaches to long-tailed detection act on two levers: loss adjustments that
give rare classes more influence, such as focal loss, class-balanced loss, and logit
adjustment (Lin et al., 2017b; Cui et al., 2019; Cao et al., 2019; Menon et al.,
2021); and data/sampler designs that rebalance exposure through oversampling,
selective down-sampling, or decoupled classifier heads (Cheng et al., 2020; Tan
et al., 2020; Li et al., 2020).

Small targets present additional challenges due to weak features and dis-
rupted assignment under occlusion, clutter, and IR noise. Multi-scale backbones
such as Feature Pyramid Networks, super-resolution preprocessing, and domain
adaptation for low-light settings address some of these issues (Lin et al., 2017a;
Haris et al., 2018; Du et al., 2024), though scale and background congruence
remain dominant failure modes in camera-trap imagery (Koh et al., 2021).

Diffusion models have improved control over synthetic data generation through
text conditioning and personalization. DreamBooth adapts pretrained models
from few exemplars while maintaining species features, and extensions such as
ControlNet help preserve composition and viewpoint (Ruiz et al., 2023; Zhang
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Fig. 1. Class distribution of animal species in the Emirates Nature-WWF dataset.

et al., 2023). For detection, gains concentrate when synthetic samples match
habitat and maintain realistic scale, while regressions appear with background
mismatch or texture drift. Copy—paste over real backgrounds remains a strong
baseline, and filtering through removing near-duplicates, enforcing per-class caps,
or checking size/viewpoint consistency is as important as generation itself (Zhao
et al., 2023; Fang et al., 2024; Lin et al., 2023).

3 Methodology

3.1 Dataset Description

The dataset employed in this study originates from Emirates Nature-WWF
and comprises camera-trap imagery collected across the Hajar Mountains of
the United Arab Emirates. It contains approximately 66,851 images annotated
into 15 classes, including both day and night captures at a native resolution of
1920 x 1440 pixels. Each image is accompanied by bounding-box annotations in
COCO JSON format specifying class ID, object coordinates, and metadata such
as capture time and location. The distribution follows a pronounced long-tailed
pattern typical of ecological datasets (Fig. 1), dominated by a “Ghost” (empty-
frame) class and several head species (e.g., Fox, Donkey), while rare species
such as Camel, Cat, AD, ES, and OA are severely under-represented. These tail
categories often contain fewer than 200 samples and present additional challenges
such as small body size relative to frame resolution, partial occlusion, camouflage
against desert terrain, and frequent low-illumination infrared captures.

3.2 Data Preparation and Tail-Class Selection

Prior to model training, the dataset was cleaned and reformatted to ensure com-
patibility with both the generative and detection pipelines. The subset used in



this study comprises 8,355 labeled images, following the same 60-20-20 train,
validation, and test split established in prior work on the Emirates Nature-WWF
dataset. Each image was visually inspected to remove invalid or unusable sam-
ples, such as frames containing only partial animal features (e.g., tails or blurred
silhouettes) or empty motion-triggered shots. Bounding-box annotations pro-
vided in COCO JSON format were parsed to generate YOLO-compatible .txt
labels for each class, listing object coordinates normalized to image dimensions.
All images were resized automatically to 640x480 pixels during YOLOvV6 prepro-
cessing to match the detector’s input requirements, while diffusion-based image
generation was conducted on downscaled 512x512 versions to align with Sta-
ble Diffusion’s native resolution. For targeted rebalancing, five tail classes were
identified for generative augmentation based on their low sample counts and
ecological relevance: Camel, Cat, AD, ES, and OA. Each selected class was re-
viewed manually to retain clear, centered, and well-lit animal instances suitable
for fine-tuning the DreamBooth Stable Diffusion model.

3.3 Synthetic Data Generation

DreamBooth fine-tuning was applied to the “runwayml/stable-diffusion-v1-5”
checkpoint for each of the five tail classes. Input images were manually screened
to retain only clear, full-body animal representations, removing frames with
partial visibility or missing subjects. Images were resized to 512x512 pixels to
match Stable Diffusion’s native resolution.

Following Patil and Hu (2022), a learning rate of 1 x 10~% and 2,000 training
steps were used; higher learning rates or extended training caused overfitting,
visible as unnatural textures and background color shifts. DreamBooth was cho-
sen for its capacity to adapt pretrained diffusion models from limited examples
while maintaining species features and environmental realism.

3.4 Rebalancing Strategies

After generating the synthetic images through DreamBooth fine-tuning, a struc-
tured rebalancing approach was implemented to correct the imbalance observed
among the five rare species, while preserving the natural variability of the dataset.
As such, uniform and non-uniform sampling are adopted. In the uniform config-
uration, all tail classes were equalized to a similar total number of images after
augmentation, ensuring that each class contributed equally to the training pro-
cess. In the non-uniform configuration, the relative proportions between classes
were maintained, but each class was supplemented with a number of generated
images proportional to its original sample size. Experiments were conducted
across three augmentation ratios: 1:1, 1:2, and 1:4, corresponding respectively
to adding one, two, and four generated images for every real image in the tail
classes. Following data preparation, all rebalanced sets were used to fine-tune the
YOLOv6-Lite-S model for 40 epochs with a batch size of 200 and an image res-
olution of 640x480 on an Nvidia A100 GPU. Before integration, all generated
samples were visually screened to remove duplicates, unrealistic backgrounds,
and incomplete subjects. The resulting filtered synthetic subsets were then ap-



pended to the original training data under each ratio configuration. The resulting
image counts per class and configuration are summarized in Table 1.

Table 1. Distribution of training images per tail class across uniform and non-uniform
augmentation strategies at different augmentation ratios.

Uniform Non-Uniform

Class Real 1:1 1:2 1:4 1:1 1:2 1:4

AD 86 212 317 528 172 258 430

Camel 50 212 317 528 100 150 250

Cat 128 212 317 528 256 384 640

ES 109 212 317 528 218 327 545

OA 155 212 317 528 310 465 775
4 Results

4.1 Diffusion Image Quality and Realism

The DreamBooth Stable Diffusion model was fine-tuned on the five tail classes
(Camel, Cat, AD, ES, and OA) to generate additional training samples. A qual-
itative comparison between real and generated samples is shown in Table 2,
which presents side-by-side examples for each class. The generated images suc-
cessfully reproduce the lighting conditions, terrain texture, and infrared style
typical of the dataset. However, variation in generation quality was observed
between species. Larger and visually distinct animals, such as Camel, produced
realistic outputs closely resembling the original captures, while smaller or par-
tially obscured animals, such as AD and ES, exhibited minor distortions and
texture inconsistencies.

Table 2. Sample of Generated Images

Image Type AD Camel Cat

Real Image

Generated
Image

Quantitative evaluation using the Fréchet Inception Distance (FID) further
supports these observations. As summarized in Table 3, Camel achieved the
lowest FID score, indicating high similarity to real images, while Cat had the
highest FID, it still yielded the largest F1 gain, suggesting that FID alone did
not predict benefits in detection scores.



Table 3. FID scores for generated images across tail classes (lower is better).

Class AD ES OA Camel Cat

FID ({) 1202.07 858.99 743.36 634.09 1361.89

4.2 Baseline Model Performance

Before introducing synthetic data, the YOLOv6-Lite-S model was fine-tuned on
the original unbalanced subset. The results, summarized in Table 4, serve as the
baseline against which all diffusion-augmented configurations were compared.
Tail classes that are later targeted by diffusion augmentation are highlighted in
bold.

Table 4. Baseline YOLOv6-Lite-S performance on the original WWF training subset.
Tail classes targeted for diffusion augmentation are in bold.

Class Labels P@0.5 R@O0.5 F1@0.5 mAP@O.5
All 3247 0.677 0.464 0.487 0.505
Rat 65 0.634 0.0615 0.112 0.168
AD 35 0.594 0.0571 0.104 0.098
Ammoperdix 165 0.668 0.476 0.556 0.522
heyi

Camel 18 0.743 0.833 0.786 0.811
Cat 44 1.000 0.000 0.000 0.071
Dog 102 0.620 0.725 0.668 0.707
Donkey 595 0.892 0.844 0.867 0.914
ES 51 0.479 0.270 0.345 0.317
Fox 1225 0.875 0.914 0.894 0.939
Goat 444 0.738 0.752 0.745 0.795
OA 56 0.313 0.196 0.241 0.229
Sheep 378 0.842 0.762 0.800 0.833
Spilopelia 69 0.399 0.145 0.213 0.154
senegalensis

4.3 Uniform Sampling Configurations

Three uniform augmentation ratios were tested (1:1, 1:2, and 1:4), where ev-
ery real image from the tail classes was supplemented with diffusion-generated
images and per-class totals were equalized. As shown in Tables 5 and 6, the
1:1 configuration produced moderate improvements in several classes, with Cat
achieving the largest gain (4+0.20 F1, 40.09 mAP) and OA showing minor im-
provement, while AD experienced a small decrease. At the 1:2 ratio, Camel
remained above baseline while Cat continued to improve in mAP@0.5, whereas
bird species declined further, with AD dropping to an F1-score of 0.04. At the 1:4



Table 5. Comparison of F'l-scores across all augmentation strategies. Baseline refers
to the real-only training set. The best result per class is bolded.

Base Uniform Non-Uniform

Class Real 1:1 1:2 1:4 1:1 1:2 1:4

AD 0.104 0.087 0.044 0.068 0.083 0.040 0.082
Camel 0.786 0.744 0.809 0.669 0.683 0.770 0.860
Cat 0.000 0.203 0.269 0.361 0.188 0.211 0.288
ES 0.345 0.349 0.332 0.467 0.340 0.311 0.423
OA 0.241 0.313 0.278 0.230 0.265 0.345 0.242
All 0.487 0.494 0.498 0.509 0.487 0.499 0.516

Table 6. Comparison of mAP@Q.5 across all augmentation strategies.

Base Uniform Non-Uniform

Class Real 1:1 1:2 1:4 1:1 1:2 1:4

AD 0.098 0.050 0.039 0.046 0.034 0.039 0.052
Camel 0.811 0.852 0.848 0.827 0.814 0.854 0.858
Cat 0.071 0.156 0.207 0.193 0.091 0.174 0.150
ES 0.317 0.227 0.264 0.371 0.279 0.240 0.332
OA 0.229 0.234 0.229 0.226 0.210 0.257 0.219
All 0.505 0.497 0.503 0.509 0.490 0.500 0.507

ratio, Cat and ES maintained moderate improvements, though Camel’s F1-score
dropped and AD continued to underperform.

4.4 Non-Uniform Sampling Configurations

Non-uniform sampling was also tested to evaluate how preserving natural class
proportions influences outcomes. In these configurations, each tail class was sup-
plemented proportionally rather than equalized. At the 1:1 ratio, results resem-
bled the 1:1 uniform case, with Cat again showing the largest Fl-score gain
(+0.19) and OA improving modestly, while AD exhibited persistent degrada-
tion and ES remained relatively flat across most configurations. The 1:2 ratio
followed similar trends, with Camel stabilizing at an Fl-score around 0.77. At
the 1:4 ratio, non-uniform augmentation yielded the strongest results for Camel,
which reached an F1-score of 0.86 and mAP@Q.5 above 0.85, while AD remained
the weakest performer across all configurations.

5 Discussion

The experiments indicate that diffusion-based augmentation can improve detec-
tion for larger animals such as Camel and Cat, but provides limited benefit for
the smallest bird species such as AD, while ES showed moderate improvement at



higher augmentation ratios. Because these birds span only a few pixels, even mi-
nor shape or texture distortions can shift synthetic samples off the true distribu-
tion. This sensitivity is reflected in the consistently high FID scores (634-1362),
which confirm a substantial realism gap constraining transfer. Notably, increas-
ing synthetic volume alone did not guarantee improvement; instead, gains de-
pended more on object scale and background congruence than on augmentation
ratio. Furthermore, uniform and non-uniform sampling produced similar over-
all trends, suggesting that class-specific properties dominate over the choice of
balancing strategy.

6 Conclusion and Future Work

This study evaluated whether diffusion-generated images can improve rare-species
detection in long-tailed UAE camera-trap data by fine-tuning DreamBooth Sta-
ble Diffusion on five under-represented classes and integrating synthetic samples
under multiple mixing strategies. The results show that diffusion-based augmen-
tation can improve detection for larger and visually distinctive species, such as
Camel and Cat, but offers limited or inconsistent benefit for small birds, with
the smallest species (AD) consistently underperforming despite augmentation.
Although generative synthesis reduced annotation constraints for some classes,
its effectiveness was not uniform. Gains were strongly tied to how well the gen-
erated images matched the visual and contextual characteristics of real camera-
trap frames. This suggests that successful augmentation in ecological settings
will require more selective, context-aware, and class-specific generation proce-
dures rather than uniform scaling of synthetic data. Overall, diffusion-assisted
rebalancing shows promise as a complementary tool for camera-trap pipelines,
particularly for species with clear structure and limited field samples, and pro-
vides a foundation for more advanced and controlled generative approaches in
future work.

Future work can explore more controlled forms of diffusion-based genera-
tion to reduce the realism gap observed in this study. Recent approaches such
as ControlNet (Zhang et al., 2023) introduce spatial guidance during synthesis
and may help preserve object boundaries, viewpoints, and habitat cues while
still adding variation in pose or scale. The challenges faced by the smaller bird
classes suggest that foreground appearance alone is not sufficient. A practical
next step is to combine diffusion outputs with hybrid augmentation strategies
that keep real backgrounds intact. Conditioning future generations on habitat
type, illumination, or camera viewpoint could help create more robust models
that perform more consistently across unseen locations or seasons.
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