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Highlights

What are the main findings?

e A multi-source GreenHouse Rose dataset was constructed by integrating UAV over-
head rose images, screened RoseTracker images, and supplementary multi-view rose
images to improve data diversity for greenhouse rose detection.

e  The proposed lightweight BloomRoseNet achieved improved rose detection perfor-
mance, reaching 86.1% precision, 85.3% recall, and 90.5% mAP@50, while maintaining
only 2.08 M parameters and a 4.5 MB model size.

What are the implications of the main findings?

e  The proposed framework supports efficient UAV-based greenhouse rose phenotyping and
can assist flowering assessment, harvest planning, and precision cultivation management.

e Its robustness under blur, occlusion, and illumination variation indicates practical
potential for real-time greenhouse monitoring under non-ideal imaging conditions.

Abstract

Accurate detection of blooming roses and flower buds is essential for greenhouse phe-
notyping, cultivation scheduling, harvest planning, and yield management. However,
UAV-derived greenhouse imagery presents major challenges because rose targets are often
small, densely distributed, partially occluded, and visually similar to complex backgrounds.
This study proposes a lightweight rose detection framework that combines multi-source
dataset construction with an improved YOLOv12n-based detector, termed BloomRoseNet.
A GreenHouse Rose dataset was constructed by integrating self-collected UAV overhead im-
ages, screened RoseTracker images, and supplementary multi-view rose images to increase
diversity in scale, growth stage, viewpoint, and background complexity. BloomRoseNet
introduces task-oriented improvements for fine-grained feature extraction, adaptive feature
fusion, and attention-enhanced detection. The supplementary multi-view data improved
precision, recall, and mAP@50 from 85.2%, 82.8%, and 89.2% to 86.1%, 85.3%, and 90.5%,
respectively. Compared with the baseline YOLOv12n, BloomRoseNet increased precision,
recall, mAP@50, and mAP@50:95 by 3.2, 3.3, 3.6, and 1.6 percentage points, respectively,
while reducing parameters from 2.55 M to 2.08 M and model size from 5.5 MB to 4.5 MB.
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The model also maintained real-time inference capability and stronger robustness under
blur, occlusion, and illumination disturbances. The proposed framework provides an
effective and practical solution for UAV-based greenhouse rose monitoring and supports
precision cultivation management.

Keywords: greenhouse rose detection; UAV imagery; multi-source dataset; BloomRoseNet;
small object detection

1. Introduction
1.1. Background and Environmental Relevance

The floriculture industry is an important part of modern horticulture and contributes
substantially to agricultural economy, rural employment, and the production of high-value
crops worldwide [1,2]. Among ornamental crops, roses are one of the most commercially
important cut flowers because of their high market demand, aesthetic value, and extensive
role in the global flower supply chain [3,4]. In greenhouse rose production, accurate knowl-
edge of flowering dynamics, including the spatial distribution and developmental status of
buds and blooming flowers, is essential for cultivation scheduling, harvest planning, yield
estimation, and labor allocation [5,6]. Reliable monitoring of these phenological traits can
therefore directly improve production efficiency and product quality.

From an environmental and management perspective, intelligent rose monitoring also
has broader significance for sustainable protected agriculture. Conventional greenhouse
management still relies heavily on manual scouting and visual counting. These practices
are labor-intensive, time-consuming, and susceptible to subjective bias [7,8]. They are
also increasingly inadequate under the growing demand for precision horticulture, in
which growers need accurate crop-status information to optimize irrigation, fertilization,
temperature regulation, and harvest timing [5]. Automated phenotyping methods can
reduce unnecessary labor, improve the timing of management interventions, and support
more efficient use of agricultural resources. In this sense, the development of robust image-
based monitoring systems is not only a technical issue, but also an important step toward
data-driven and environmentally sustainable greenhouse production.

In recent years, unmanned aerial vehicles (UAVs) have emerged as promising plat-
forms for agricultural monitoring because they enable rapid, flexible, and relatively low-
cost data acquisition over large cultivation areas [9-13]. Compared with fixed cameras or
manual close-up imaging [14], UAVs provide a more comprehensive view of the spatial
distribution of crop canopies and reproductive organs, especially when the captured images
are further processed into orthomosaics. In greenhouse rose production, UAV-based ortho-
mosaic mapping enables whole-area assessment rather than fragmented local observation.
This is highly valuable for identifying flowering hotspots, comparing cultivation beds,
and quantifying flower abundance at different developmental stages. Recent international
studies have further demonstrated the potential of UAV imagery and deep learning for
flower mapping across different vegetation and cultivation environments [12,13]. However,
their results also indicate that dense vegetation, environmental variation, and small floral
targets can substantially reduce detection reliability. Moreover, Zhao et al. [15] and Yang
et al. [16] showed that UAV-based crop imaging can face substantial challenges, including
motion blur, geometric distortion, target-scale variation, and reduced visibility of small
floral structures in dense and cluttered scenes. These limitations highlight the need for
improved visual detection methods tailored to rose phenotyping.
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1.2. Advances in Flower Detection and Rose Monitoring

The application of computer vision to flower detection and developmental stage recog-
nition has progressed rapidly in precision agriculture [17-21]. Early studies mainly focused
on close-range images and relatively simple scenes. More recent research has shifted toward
more complex field or greenhouse environments with dense targets, occlusion, and strong
background interference [22,23]. Deep learning, especially convolutional neural network
(CNN)-based object detection [24,25], has greatly accelerated this progress by enabling
end-to-end learning of discriminative features from agricultural imagery [26].

Recent international studies have also explored new data and learning strategies for
flower detection. Vierbergen et al. [17] used synthetic images generated from a simulated
environment to improve Calendula flower detection, while Bhattarai et al. [26] investigated
weakly supervised flower and fruit localization in complex orchard canopies. These studies
show that data diversity and effective representation of dense floral targets are important
for reliable detection.

A large body of related work has demonstrated the feasibility of flower detection
in multiple crops. Estrada et al. [27] proposed a deep-learning-based method to detect
and count peach flowers in orchard environments, where targets are numerous, small,
and highly overlapped. However, orchard-based peach flower detection is still different
from greenhouse rose monitoring, where viewpoint constraints, canopy density, and the
need for stage-specific discrimination introduce additional complexity. Similar efforts
have also been reported by Rahim et al. [28] for grapevine inflorescence quantification,
in which lightweight detectors achieved promising performance and cross-variety adapt-
ability. Nevertheless, that task focuses on inflorescence quantification rather than the
fine-grained distinction between buds and blooming flowers. Xu et al. [29] further explored
deep-learning-based analysis of chrysanthemum inflorescence morphology, showing the
potential of data-driven methods for flowering-crop analysis. But the study focused more
on morphology feature extraction than on robust detection of small and densely distributed
floral targets. Although these studies focus on different species, they provide important
methodological support for rose monitoring. In particular, they address common visual
challenges such as small-object detection, partial occlusion, illumination variability, and
the coexistence of multiple phenological stages.

Nevertheless, chrysanthemum detection and rose detection involve different visual
characteristics. Chrysanthemum studies generally focus on visible inflorescences with
relatively concentrated floral structures or on the classification of overall flowering de-
gree [19,20,29]. In contrast, rose appearance changes continuously from compact buds
to partially and fully opened flowers. Roses also have more irregular petal boundaries
and are frequently tilted, overlapped, or hidden by leaves and branches. Small rose buds
may resemble young leaves or folded leaf tips. Therefore, greenhouse rose monitoring
combines small-object detection with fine-grained discrimination between closely related
developmental stages.

Compared with general flower detection, rose detection in greenhouse environments
is more challenging. In many cases, the task requires not only locating floral targets but also
distinguishing buds from blooming flowers. This distinction is critical for practical rose
cultivation because cut-flower management and yield planning depend strongly on devel-
opmental stage [30,31]. However, buds and blooming flowers often show high intra-class
variation and low inter-class separability, especially under side views, partial occlusion,
or nonuniform illumination. Small buds may also resemble surrounding leaves, stems, or
immature floral structures, which makes reliable detection particularly difficult [32].

Several studies have laid the foundation for automated rose monitoring. RoseTracker
proposed a stage-specific rose monitoring framework and released the RoseBlooming
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dataset. It demonstrated that overhead imagery combined with object detection and track-
ing can improve rose counting and reduce omission errors compared with single-image
approaches [2]. That work emphasized the importance of growth-stage monitoring in
cut-flower cultivation and highlighted the practical value of overhead rose observation. At
the same time, it also pointed out that publicly available rose datasets for stage-specific
detection remain limited, especially under practical farm conditions. In addition, the
study showed that small rose buds are frequently hidden by overgrown leaves and that
multi-view or video-based analysis can help recover targets missed in individual frames.
However, RoseTracker was mainly developed from overhead images collected under a
specific greenhouse setting, and its temporal tracking strategy relies on consecutive image
frames [2]. The study did not fully examine cross-source image diversity or independent
detection in UAV-derived orthomosaic patches. Its applicability to roses captured by differ-
ent platforms, viewpoints, and cultivation environments therefore remains insufficiently
evaluated. These findings are highly relevant to greenhouse rose orthomosaic analysis,
where dense foliage and overlapping branches also hinder the reliable identification of
small targets.

More recent studies have extended rose monitoring from local overhead imagery
to UAV-assisted large-area observation. For example, Xu et al. [33] used UAV images to
detect female cucumber flowers in greenhouse environments, showing the potential of
aerial observation for flower monitoring at a broader spatial scale. However, the target
species, canopy structure, and phenological requirements differ considerably from those
of greenhouse roses, which limits direct transfer of the method. In rose-specific studies,
Zhao et al. [34] developed a UAV-assisted monitoring framework by combining improved
deep learning detection with image restoration techniques. Their results showed that
image-quality enhancement can partially compensate for the loss of small-scale details in
aerial imagery and improve the detection of tiny or distant rose targets. However, that
study mainly focused on recovering image details through super-resolution restoration,
and its detector was developed using a single UAV-derived rose dataset [34]. The effects of
cross-source dataset integration and viewpoint diversity were not systematically examined.
Moreover, the reliable detection of dense and very small rose buds remained dependent on
the small-object [35-37] representation ability of the detector.

Taken together, RoseTracker and the UAV-assisted framework developed by Zhao
et al. provide important foundations for automated rose monitoring [2,34]. However,
existing studies have not fully addressed two related limitations. First, current rose datasets
are commonly collected from limited acquisition systems, viewpoints, cultivars, or green-
house environments, which restricts model generalization across different image sources.
Second, wide-view UAV imagery contains many small, dense, and partially occluded
rose buds with weak texture and boundary information. Lightweight detectors may lose
these features during deep feature extraction and multi-scale fusion. Accordingly, this
study combines multi-source dataset construction with task-oriented lightweight feature
enhancement to improve dataset diversity and small-target detection while maintaining
low model complexity.

1.3. Evolution of the YOLO Framework

Among deep-learning-based object detectors, the YOLO (You Only Look Once) family
is one of the most influential frameworks because it offers a strong balance between speed,
accuracy, and deployment efficiency [38—40]. Compared with two-stage detectors such
as Faster R-CNN, which first generate candidate regions and then classify them, YOLO
performs localization and classification in a unified single-stage pipeline [41,42]. This design
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makes YOLO especially suitable for real-time or near-real-time agricultural applications,
where large numbers of images must be processed efficiently.

The original YOLO model formulated object detection as a regression problem, which
greatly simplified the detection pipeline and improved inference speed [38]. Later ver-
sions addressed its early limitations in localization accuracy and small-object detection.
YOLOvV2 improved the original framework through architectural refinements and anchor-
based detection, while YOLOv3 further strengthened performance by introducing multi-
scale prediction and a stronger backbone network [43—45]. These advances made YOLO
more effective for scenes containing objects of different sizes, which is highly relevant to
agricultural imagery.

Subsequent developments continued to improve the framework. YOLOv4 enhanced
both efficiency and accuracy through optimized training strategies and feature aggrega-
tion design [46]. YOLOX introduced an anchor-free formulation, a decoupled head, and
improved label assignment [47]. YOLOv6 and YOLOV? further emphasized industrial de-
ployment and real-time performance, while maintaining strong detection accuracy [48,49].
More recent versions such as YOLOv9 and YOLOV10 extended the framework with new
gradient optimization strategies and end-to-end real-time design, further improving the
balance between performance and latency [50,51]. These advances have also supported the
extension of newer YOLO variants to task-specific applications, particularly in challenging
small-object detection scenarios [52]. This trend has continued in even newer variants.
YOLOV13 further extends the YOLO series by improving detection robustness and adapt-
ability in complex scenes, providing additional potential for real-time vision tasks that
involve small targets and background interference [53]. Recent application studies have
also shown that YOLO-based frameworks remain highly effective for small-object detection
in challenging environments. For example, enhanced YOLOv13 has been used for real-time
detection of floating plastic debris under water-surface interference and complex aquatic
backgrounds [54].

In agricultural computer vision, deep-learning-based detection methods have been
widely applied to fruits, flowers, leaves, and other crop organs [12,55-57] because they
offer strong feature representation ability, robust performance, and practical deployment
potential. Among these methods, the YOLO family has become especially popular due
to its favorable balance between accuracy and efficiency. This is particularly relevant to
greenhouse flower monitoring, where detectors must handle tiny buds, dense target dis-
tributions, and complex backgrounds. Modern YOLO variants are advantageous in such
settings because they provide stronger multi-scale representation, improved feature aggre-
gation, and greater flexibility for incorporating task-specific modules [58,59]. Therefore,
the YOLO family provides a strong and practical foundation for customized rose detection
in greenhouse environments [60].

1.4. YOLOwv12n: Architectural Improvements

Recent work has continued to push the YOLO family toward stronger feature modeling
without sacrificing real-time efficiency. In this context, YOLOv12 was introduced as an
attention-centric real-time detector, aiming to combine the speed advantage of the YOLO
series with the stronger representation capability of attention-based design [61]. This shift
is meaningful because modern detection tasks increasingly require the model to preserve
fine-grained cues under cluttered backgrounds and weak object visibility.
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Among the lightweight YOLOv12 variants, YOLOv12n is particularly suitable for prac-
tical deployment because it provides a favorable balance between computational efficiency
and feature representation. This characteristic is important for greenhouse rose monitoring,
where small buds must be detected under dense foliage, target overlap, and substantial
appearance variation. Recent studies on small-object detection have emphasized the im-
portance of multi-scale representation, efficient feature aggregation, and suppression of
background interference [62—-64]. YOLOvV12 has recently been evaluated for UAV-based
marigold flower detection, demonstrating its applicability to flower recognition [55]. How-
ever, that study used YOLOvV12 mainly as a comparative detector and did not develop a
task-specific YOLOv12n architecture for distinguishing rose buds from blooming flowers.
These findings suggest that YOLOv12n is not only a compact real-time detector, but also a
suitable foundation for task-oriented improvement in greenhouse rose detection.

However, directly applying the original YOLOv12n to greenhouse rose detection still
faces several challenges:

e The lightweight backbone may miss subtle features of small and partially occluded
rose buds.

*  The original feature fusion strategy may be insufficient for complex multi-scale green-
house backgrounds.

*  The default detection head may remain sensitive to dense targets, overlap, and back-
ground interference.

Therefore, although YOLOv12n provides a suitable lightweight foundation, its direct
application still requires task-oriented refinement for complex greenhouse rose detection.

1.5. Objectives and Contributions of This Study

This study aims to develop an accurate, lightweight, and practical framework for rose
detection in UAV-derived vertical aerial imagery, with particular emphasis on distinguish-
ing blooming roses from flower buds under complex cultivation conditions. To this end,
a multi-source dataset construction strategy and an improved YOLOv12n-based detector
are jointly introduced to enhance detection robustness against small targets, occlusion,
dense canopies, and heterogeneous greenhouse backgrounds. An overview of the proposed
research framework is presented in Figure 1.

The main contributions of this study are summarized as follows:

e A multi-source rose detection dataset, termed the GreenHouse Rose dataset, is con-
structed by integrating self-collected UAV rose images, screened RoseTracker over-
head images, and supplementary multi-view rose images. This dataset enriches the
diversity of rose targets in scale, growth stage, viewpoint, and background complexity,
and provides a more representative benchmark for greenhouse rose detection.

¢ Alightweight improved detector, BloomRoseNet, is developed for complex greenhouse
rose scenes based on YOLOv12n. The model improves the detection of dense, small,
and visually similar rose targets, while maintaining a favorable balance between
accuracy, efficiency, and deployment cost.

¢  Systematic validation of data effectiveness and model robustness. We perform compre-
hensive experiments, including ablation study, comparison with mainstream detectors,
supplementary-data validation, and robustness analysis under blur, occlusion, and
illumination disturbances. The results demonstrate that the proposed framework not
only improves overall detection performance, but also provides stable and practical
support for large-area greenhouse phenotyping and intelligent cultivation management.
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Figure 1. Overview of the GreenHouse Rose dataset construction and the proposed BloomRoseNet
framework. (a) Multi-source dataset construction from UAV greenhouse images, the RoseTracker
subset, and supplementary multi-view rose images. (b) Main improved modules of BloomRoseNet.
(c) Representative detection results for rose_large and rose_small targets.

2. Materials and Methods
2.1. Dataset

To develop a robust rose detector for UAV-based greenhouse monitoring, a multi-
source dataset construction strategy was adopted in this study. First, two overhead-view
datasets, namely a self-collected UAV rose subset and the RoseTracker dataset, were
combined to establish the primary overhead benchmark, referred to as the Overhead
Rose dataset. Subsequently, additional multi-view rose images collected from several
plant vision datasets were introduced as a supplementary source to enrich viewpoint and
scene diversity. This use of heterogeneous visual sources is also consistent with recent
multimodal learning studies that emphasize interaction-aware modeling of complementary
information [65]. By integrating these three subsets, the final multi-source dataset, named
the GreenHouse Rose dataset, was constructed.

2.1.1. Self-Collected UAV Rose Subset

The primary dataset used in this study was collected in a large-scale greenhouse rose
cultivation area located in Yuxi City, Yunnan Province, China, which is a representative
fresh-cut flower production region. The survey was conducted in a spacious greenhouse
environment that allowed stable low-altitude UAV flight for overhead image acquisition.
A consumer-grade DJI Mini 3 platform was used to capture the images. During data
collection, the UAV was operated at an altitude of approximately 3 m with a camera field
of view of about 90°. To ensure continuous coverage of the planting rows and sufficient
overlap between adjacent images, the UAV followed a serpentine flight path throughout the
greenhouse. The original aerial images were recorded at a resolution of 3840 x 2160 pixels.

The raw UAV images acquired during the survey were first screened to remove
marginal scenes without rose distribution, as well as other images unsuitable for dataset
construction due to environmental interference. The retained large overhead images
were then cropped into image patches of 640 x 640 pixels, yielding 1134 image samples.
These cropped samples were manually annotated and subsequently reviewed by experts
to ensure the accuracy and consistency of the labels. All rose instances were manually
annotated with bounding boxes using Labelme version 5.10.0. Two target categories were

https:/ /doi.org/10.3390/rs18162704


https://doi.org/10.3390/rs18162704

Remote Sens. 2026, 18, 2704

8 of 38

defined in this dataset, namely ‘rose_small’, representing buds, and ‘rose_large’, representing
blooming roses. These terms were used only as class labels rather than quantitative size
categories. Specifically, rose_small represented unopened or visually closed flower buds with
compact shapes and limited petal exposure, whereas rose_large represented blooming roses
with expanded floral structures and clearly visible petals. The categories were therefore
distinguished according to phenological stage and observable morphological and textural
characteristics rather than bounding-box size.

The annotations were completed by one expert familiar with rose growth stages and
subsequently reviewed by a second expert. Incorrect category labels, omitted targets, and
inaccurate bounding boxes were corrected during the review. Ambiguous instances near
the bud-to-bloom transition were jointly examined based on petal opening and overall
floral morphology. This self-collected dataset served as the core component of the overhead
rose detection benchmark established in this study.

2.1.2. RoseTracker Overhead Rose Dataset

To complement the self-collected UAV rose subset, the RoseTracker dataset was further
incorporated as an additional overhead rose data source. To maintain consistency with our
task setting, the target categories in RoseTracker were unified with those of the self-collected
dataset, namely ‘rose_small’ for buds and ‘rose_large’ for blooming roses.

Considering that the original RoseTracker collection contains image samples acquired
under different conditions, a screening process was conducted before integration. Only
images with relatively similar illumination conditions, imaging characteristics, and shoot-
ing settings to our target greenhouse monitoring scenario were retained. After screening,
1038 images were selected from RoseTracker and used in this study. Compared with the
self-collected UAV rose data, these images provide additional overhead rose samples from
a different acquisition system and cultivation setup, thereby increasing inter-source diver-
sity while preserving the consistency of the overhead-view detection task. The selected
RoseTracker images were maintained at their original size of 640 x 640 pixels.

2.1.3. Construction of the Overhead Rose Dataset

After label unification and data screening, the self-collected UAV rose subset and the
RoseTracker subset were merged to form the Overhead Rose dataset, which contained
2172 images in total. Since both subsets consist primarily of overhead-view rose imagery,
the resulting dataset preserves the spatial and visual characteristics of UAV-style top-view
monitoring while improving sample diversity across acquisition devices and cultivation
conditions. From this dataset, to ensure an unbiased evaluation protocol, 250 overhead-
view images were randomly selected and fixed as an independent test set throughout all
experiments. The remaining 1922 images were used for training and validation under the
overhead-only setting.

2.1.4. Supplementary Multi-View Rose Images and the Final GreenHouse Rose Dataset

Although the Overhead Rose dataset provides a dedicated benchmark for greenhouse
rose detection from a top-view perspective, both dataset construction and preliminary
experiments revealed an important limitation. In practical greenhouse scenes, due to
the height of rose plants, the weight and inclination of flowers, and the lateral angular
difference between the plant structure and the camera viewpoint, some buds are not always
clearly visible from directly overhead observations. As a result, rose_small instances are
more prone to inaccurate recognition and missed detection. This limitation is closely related
to the fact that both the self-collected dataset and the RoseTracker subset mainly contain
images captured from a single overhead viewpoint.
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To address this issue, supplementary rose images were further screened from several
public Kaggle datasets, including Flowers Recognition and Flower Classification. Although
these datasets were originally developed for image classification, unlike the overhead
datasets, these images cover multiple viewpoints and more diverse acquisition environ-
ments. Only images with clear rose targets, limited blur and occlusion, and reliable object
boundaries were retained. Images dominated by a single close-up flower or excessively
dense rose clusters were excluded. Priority was given to images in which rose instances
were relatively evenly distributed and the number of visible targets was similar to that in
the self-collected greenhouse dataset.

A total of 328 multi-view rose images were selected, manually annotated, and sub-
sequently reviewed by experts to ensure label reliability. The image size was unified to
640 x 640 pixels through cropping and padding operations. These images were introduced
as an auxiliary data source to expand the visual diversity of the training data. Such di-
versity cannot be effectively simulated by conventional data augmentation alone, because
augmentation can modify geometric appearance or color distribution, but cannot truly
introduce novel viewpoint-dependent structural features of rose targets.

By integrating the self-collected UAV rose subset, the screened RoseTracker subset, and
the supplementary multi-view rose images, the final dataset, termed the GreenHouse Rose
dataset, was established. It contained 2500 images in total, including 2172 overhead-view
images and 328 supplementary multi-view images. To ensure a consistent and fair evalua-
tion of the contribution of the supplementary multi-view data, the same 250 overhead-view
images were fixed as the independent test set for all experiments. The remaining images
were used to construct the training and validation sets, resulting in 2000 training images,
250 validation images, and 250 test images.

The GreenHouse Rose dataset therefore serves as the final benchmark in this study,
enabling the proposed model to learn both the structured characteristics of overhead
greenhouse scenes and the broader appearance variability of rose targets under different
viewpoints and imaging environments. A statistical visualization of the dataset is pre-
sented in Figure 2. As shown in the figure, the annotated objects are distributed across
two categories, namely rose_large and rose_small, with rose_small accounting for a larger
proportion. The ratio between the two categories is approximately 1.4:1, indicating only a
mild class imbalance. Therefore, no class-specific loss weighting or resampling strategy
was introduced, and the standard YOLO loss functions were retained. In addition, most
images contain only a few annotated targets, with an average of 3.0 objects per image and
a median of 2. The object size distribution is substantially more imbalanced, with small
objects dominating the dataset, which highlights the small-target detection characteristics
and practical challenges of greenhouse rose monitoring.

2.2. Model Architecture
2.2.1. Proposed Method: BloomRoseNet

In this study, an improved YOLOv12n-based detector, termed BloomRoseNet, is
proposed for rose detection in complex greenhouse environments.

YOLOV12 is adopted as the baseline framework in this study because it offers a fa-
vorable balance between detection accuracy and computational efficiency, which is highly
desirable for practical greenhouse inspection and UAV-based flower monitoring. As an
attention centric real time object detector, YOLOv12 retains the standard one stage detection
paradigm composed of a backbone, a neck, and a detection head, while further strengthen-
ing feature modeling through attention-based architectural design. In particular, YOLOv12
introduces an attention-oriented framework that improves representation capability while
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maintaining competitive inference speed, and its nano variant is especially suitable for
lightweight deployment under resource constrained conditions.

(a) Train/Val/Test Split (Images) (b) Category Distribution (Objects)

. rose_small

rose_large
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Figure 2. Statistical visualization of the GreenHouse Rose dataset: (a) train/validation/test split of
images, (b) category distribution of annotated rose objects, (c) distribution of the number of objects
per image, and (d) distribution of object sizes based on the ratio between bounding-box area and
image area, indicating that the dataset is dominated by small objects.

Given an input image, the backbone of YOLOv12 performs hierarchical feature ex-
traction through a sequence of convolutional and residual style modules, progressively
generating multi-level feature maps with different spatial resolutions and semantic depths.
Such a hierarchical representation is essential for object detection tasks involving scale
variation, because shallow layers preserve high-resolution texture and edge information,
whereas deeper layers encode stronger semantic abstraction. In addition, YOLOv12 inte-
grates the A2C2f design with area attention-related mechanisms in its architecture, enabling
more effective long-range dependency modeling than conventional purely convolution-
based YOLO variants. This design improves the expressive power of the network while
preserving the real time characteristics required for practical applications.

These properties make YOLOv12n an attractive starting point for rose detection in
greenhouse environments. However, when it is directly applied to our task, several limi-
tations become evident. First, the targets in this study, including fully opened roses and
flower buds, often exhibit substantial scale variation, dense spatial distribution, and fre-
quent mutual occlusion. Small buds are particularly vulnerable to being overwhelmed
by surrounding leaves, branches, and overlapping flowers. Under such circumstances,
repeated feature aggregation in the neck may still dilute fine-grained local cues, thereby
reducing the recall of small rose targets. Second, greenhouse imagery usually contains
complex background clutter, uneven illumination, and strong local appearance fluctuations
caused by shadows, overlapping foliage, and reflective surfaces. Although YOLOv12
has enhanced representation ability, the original feature extraction and fusion pipeline
still lacks sufficient task-oriented selectivity for distinguishing roses from visually similar
background patterns. Third, accurate localization remains challenging because the bound-
aries of roses are often partially visible or ambiguous, especially in crowded scenes where
petals and buds are intertwined with branches and leaves. In these cases, the original
detection head may not focus adequately on the most informative target regions, leading
to unstable classification and bounding box regression. These task-specific challenges
indicate that a lightweight YOLO baseline, although efficient, still requires task-oriented
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refinement for reliable greenhouse rose detection under small-object, cluttered-background,
and occlusion conditions.

To address the above limitations, this study proposes an improved YOLOv12-based
detector specifically tailored for rose detection in complex greenhouse scenes. As shown
in Figure 3, the proposed model preserves the overall backbone, neck, and detection head
pipeline of YOLOv12n, but introduces three task-oriented modifications at carefully selected
locations. First, the original A2C2f modules are replaced by the proposed Star-Based Cross-
Stage Partial C2f (S2C2f) modules, which incorporate Star_Block-based nonlinear feature
transformation to enhance local fine-grained feature extraction and to better discriminate
roses from cluttered backgrounds. Second, the conventional feature fusion operation in
the neck is replaced by the adaptive frequency feature fusion module (AFFM) which
strengthens intra-class consistency and boundary clarity through adaptive low-frequency
and high-frequency refinement. Third, the original detection head is replaced by Detect
Dual Pool Attention (Detect_DPA), a lightweight dual pool attention-based head that
enhances channel response to partially occluded rose targets while reducing redundant
parameters. Through these targeted improvements, the proposed network forms a rose-
oriented detection framework that is better suited to the challenges of multi-scale targets,
background interference, boundary ambiguity, and dense occlusion, while preserving the
efficiency advantage of the YOLOv12n baseline.
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Figure 3. Overall framework of the proposed BloomRoseNet for greenhouse rose detection.

2.2.2. S2C2f, a Star-Based Cross-Stage Partial Feature Extraction Module

In complex greenhouse scenes, rose targets, including fully opened roses and flower
buds, are frequently affected by severe occlusion, uneven illumination, and interference
from surrounding branches and leaves. Although the area attention mechanism in the
original A2C2f module of YOLOv12 [61] is effective for modeling long-range dependen-
cies, its task-specific benefit may be limited in scenes dominated by small and densely
occluded rose targets. Broad spatial aggregation may introduce responses from surround-
ing leaves and branches, thereby weakening the local texture and boundary cues required
for distinguishing small buds. In addition, standard convolution operations may not suffi-
ciently capture subtle local patterns and fine-grained texture differences, causing critical
discriminative information to be weakened during deep feature extraction. Inspired by
StarOperation [66], this study therefore proposes a star-based cross-stage partial C2f mod-
ule, termed S2C2f. Through element-wise multiplicative interaction, the star operation
enables efficient high-order combinations of local features and implicitly projects them into
a high-dimensional nonlinear space, thereby enhancing fine-grained feature representation
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without introducing substantial computational burden. As shown by the heatmap com-
parison in Figure 7, S2C2f produces more concentrated responses around true rose regions
and reduces activation in confusing background areas. The architecture of the proposed

52C2f module is shown in Figure 4.
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Figure 4. The structure of improvement-S2C2f.

The Star_Block serves as the core feature extraction unit of S2C2f. Its key charac-
teristic lies in the star operation, in which element-wise multiplication enables the input
features to be mapped into an implicit high-dimensional nonlinear space with an approx-

imate dimensionality of (i) , in a manner analogous to the principle of polynomial

V2

kernel functions.
First, the input feature map X € RE*"*W is passed through a depthwise convolution

layer to extract local spatial features:

X' = DWConvy,7(X), 1)

where the kernel size of the depthwise convolution is 7 x 7, and the group number is
equal to the number of input channels C. This operation effectively captures local struc-
tural information, such as rose edges and texture patterns, without introducing excessive

computational complexity.
Second, the preprocessed feature X’ is fed into two independent 1 x 1 convolution

branches, which expand the channel dimension to « times the original size, where « denotes

the expansion ratio and is set to 3 in this study:

X1 = fi(X") = WIX' + by, (2a)

X, = (X)) =WiX' +b, (2b)

where Wy, W, € RE*4C denote learnable weight matrices, and by and b, are bias terms.
These two branches learn complementary feature transformations and provide diverse

representations for the subsequent star operation.
Third, the outputs of the two branches are fused by element-wise multiplication,

followed by nonlinear activation:

Xstar = ReLU(Xl) ® Xy, 3)

where © denotes the Hadamard product. According to the theoretical analysis in [66], this
operation can be expanded as:
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d+1 d+1 . d+1d+1 o
Xsar = [ L WIX O XWX ) = Y Y a X' X, )
i=1 =1 i=1 j=1
where d denotes the number of input channels and «; ;) = W{ Wé + W{ Wi(i # j). This
formulation indicates that the star operation requires only relatively low computational

complexity (O(d)), while implicitly constructing a high-dimensional feature space contain-

ing w ~ (%) linearly independent terms. This property is highly analogous

to polynomial kernels. For rose detection, features such as petals of different sizes and
branches with different orientations can therefore be more effectively distinguished through
such implicit nonlinear mapping, which helps alleviate feature confusion between large
roses and small buds under leaf and branch occlusion.

Finally, the features produced by the star operation are compressed back to the orig-
inal channel dimension through a 1 x 1 convolution, followed by a second depthwise
convolution for spatial refinement:

Xout = DWConv2;7,7 (g(Xstar) )/ ®)

where g(+) denotes the channel compression convolution. A residual connection is then
introduced:
Y = X + Xout. (6)

This residual design stabilizes gradient propagation and allows multiple Star_Blocks
to be stacked without causing performance degradation.

Based on the above design, the proposed S2C2f removes the redundant ABlock struc-
ture in the original A2C2f, including the area attention and multilayer perceptron compo-
nents, and replaces the original ABlock with the proposed Star_Block. In this way, S2C2f
forms a more efficient feature extraction module. In the final network, all A2C2f modules
in YOLOV12 are replaced by S2C2f modules.

2.2.3. AFFM, an Adaptive Frequency Feature Fusion Module

Conventional feature fusion strategies, such as direct concatenation after upsampling,
often suffer from intra-class inconsistency and blurred boundaries, which adversely affect
the detection accuracy of both large roses and small buds. Inspired by the Adaptive Spectral
Detail Refinement strategy reported in [67], this study proposes an adaptive frequency
feature fusion module, AFFM, which enhances feature consistency and boundary sharpness
through frequency domain filtering and offset-based resampling. The structure of AFFM is
shown in Figure 5.

\ Pixel "% "7xk
shuffle o A
a7 y

Initial
Sfusion

Final

Sfusion
o

ﬂﬁ Adaptive low/high-pass filter Conv layer Resampling procedure @ Pixel-wise add ® Convolve

Figure 5. The structure of improvement-AFFM.
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From the perspective of frequency decomposition, AFFM addresses two major issues
in feature fusion. Intra-class inconsistency can be interpreted as high-frequency disturbance
within feature representations, whereas boundary displacement is often associated with
the loss of high-frequency details. To address these issues, AFFM is composed of three
key components, namely an adaptive low-pass filter generator, an adaptive high-pass filter
generator, and an offset generator. In addition, a frequency adaptive gating mechanism
is introduced to dynamically regulate the contributions of the low-frequency and high-
frequency branches according to the characteristics of features at different scales.

Given a high-resolution feature map, Xy,, and a low-resolution feature map, X,
AFFM first performs channel compression and preliminary fusion, after which the fused
features are processed in parallel by three branches.

In the adaptive low-pass filtering branch, the adaptive low-pass filter generator pre-
dicts spatially varying low-pass kernels to filter and upsample the low-resolution features:

X = PixelShufﬂe{ Y Wi Xu(i+pj+9) } (7)
paEQLP

where the filter kernel Wy p is normalized by Softmax to ensure that its weights are non
negative and sum to 1. This operation suppresses high-frequency disturbances caused
by petal and pistil texture variations inside rose regions, thereby improving intra-class
feature consistency.

In the adaptive high-pass filtering branch, the adaptive high-pass filter generator con-
structs high-pass kernels to recover and enhance missing high-frequency
boundary information:

th = th + (th - Z WI?I’]LZI‘ ' th(i + pr] + q)) . (8)
PAEQnP

This branch effectively sharpens petal edges and sepal contours, making the bound-
aries of roses with different sizes clearer and more distinguishable.

In the offset resampling branch, the offset generator first computes the local cosine
similarity map S, which captures the feature correlation between each spatial location and
its neighboring regions:

Zij - Zitpjtq

pa _
T Wl ?
Based on the similarity map, the branch then predicts the offset direction and magni-
tude, which is O = D - A + Ojnit, and uses grid sampling to replace low-similarity features
with more coherent high-similarity features. This process further corrects large inconsistent
regions and thin ambiguous boundaries.
Moreover, a frequency adaptive gating mechanism is introduced to dynamically adjust
the contributions of low-frequency and high-frequency branches according to the global

context of the high-resolution features:
Glow, Ghigh = Sigmoid (¢(GAP(Xwr))), (10a)

~ ~ ~ali

Y = t1ow Glow © Xir + D‘highGhigh © Xpy + Xﬁ. 1gn, (10b)
where ¢(-) denotes the gating subnetwork, and a1, and ay;, denote the learnable frequency
base weights. This design enables the network to adaptively regulate its frequency response
across different feature scales. In particular, shallow features tend to emphasize high-frequency
boundary details, whereas deep features focus more on low-frequency semantic consistency.
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In the neck of YOLOv12, AFFM is introduced at the P3 and P4 levels, corresponding
to Layers 12 and 14, to replace the original concatenation operations. P3 and P4 retain
relatively high spatial resolution and rich high-frequency boundary information, and they
mainly support the detection of small- and medium-scale rose targets, which account for the
majority of instances in this study. Therefore, adaptive low- and high-frequency refinement
at these levels can improve feature consistency, preserve petal and bud boundaries, and
reduce misalignment during multi-scale fusion.

AFFM was not extended to P5 because P5 has the lowest spatial resolution and
primarily contains high-level semantic and low-frequency information. At this stage,
much of the fine boundary and texture information required by the high-frequency branch
has already been attenuated. Applying AFFM at P5 would therefore provide limited
additional benefit while introducing unnecessary resampling and computational operations.
Accordingly, AFFM was deployed only at P3 and P4 to match the dominant target scales
and frequency characteristics of greenhouse rose features.

2.2.4. Detect_DPA, a Dual Pool Attention-Based Detection Head

The original detection head of YOLOv12 adopts standard convolution stacking for
feature extraction, which is often insufficient for focusing on the most informative target
regions in densely occluded scenes. To overcome this limitation, inspired by the dual pool
attention mechanism in DPA [68], this study proposes a lightweight detection head termed
Detect_DPA. By introducing a parallel dual pooling attention mechanism, Detect_DPA en-
hances channel feature representation while reducing parameter redundancy. The structure

of Detect_DPA is shown in Figure 6.

DPA
W AN
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8 . 1 N
i |
X e RO i
AvgPool C 1x1xC E ! y
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i
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EO Channel-wise Multiplication @ Element-wise Addition o Sigmoid Function_L,’ Output

Figure 6. The structure of improvement—Detect_DPA.

Detect_DPA replaces the redundant convolution layers in the original detection head
with a lightweight dual pool attention module. In the original detection head, the CV2
branch contains two consecutive standard convolution layers, resulting in relatively large
parameter consumption and feature redundancy. In the proposed design, this branch is
simplified into a sequential structure composed of Conv and DPA, which preserves feature
extraction capability while significantly reducing the parameter count. The DPA module
captures global statistical information and local salient responses through two parallel
pooling branches, followed by channel-wise recalibration for feature enhancement.

Given an input feature map X € RE*H*W the DPA module first extracts channel

descriptors through two parallel branches:

1 HW
Aavg = AvgPool(X) = T 1:21]; Xijs (11a)
Amax = MaxPool(X) = maxX;, (11b)

i,j

https:/ /doi.org/10.3390/rs18162704


https://doi.org/10.3390/rs18162704

Remote Sens. 2026, 18, 2704

16 of 38

where AvgPool denotes global average pooling, which captures global statistical informa-
tion along the channel dimension, and MaxPool denotes global maximum pooling, which
extracts the most salient response from each channel. The two descriptors are then passed
through fully connected layers with shared parameters for channel interaction:

Wavg = 0(Wa - (Wi - Aavg)), (12a)

Wax = U(WZ : 5(W1 : Amax))/ (12b)

where W; € R7*C and W, € R *C are the weight matrices of the fully connected layers,
r = 16 is the reduction ratio, §(-) denotes the ReLU activation function, and ¢(-) denotes
the Sigmoid activation function. The two attention weights are then fused as:

Y = (X ® Wayg) ® (X © Winax) (13)

where @ represents feature fusion. By exploiting the complementary characteristics of
average pooling and maximum pooling, the model can simultaneously focus on the global
distribution of features and the local peak responses, thereby strengthening the channel
representation of rose targets.

In the improved YOLOV12 architecture, Detect_DPA replaces the original Detect mod-
ule as the detection head. Specifically, in the CV2 branch, which is responsible for bounding
box regression, the original two consecutive convolution layers are replaced by a Conv
and DPA sequence, whereas the CV3 branch, which is used for classification, retains the
original depthwise convolution structure. Through this modification, Detect_DPA reduces
the parameter count relative to the original detection head while effectively enhancing the
response to occluded rose targets by means of dual pooling attention, thereby improving
both the detection accuracy and localization precision for large roses and small buds.

2.2.5. Training Setup and Evaluation Metrics

The experiments were conducted on a workstation equipped with Ubuntu 22.04 as
the operating system, 120 GB of system memory, an Intel(R) Xeon(R) Platinum 8352V CPU,
and an NVIDIA GeForce RTX 4090 GPU with 24 GB of video memory. The deep learning
framework used in this study was PyTorch 2.1.2, with CUDA 11.8 and Python 3.10.8. The
detailed experimental environment is summarized in Table 1.

Table 1. Experimental environment settings.

Parameter Value

Operating system Ubuntu 22.04

Memory 120 GB

GPU GeForce RTX 4090

GPU memory 24 GB

CPU Intel(R) Xeon(R) Platinum 8352V
Deep learning framework PyTorch 2.1.2

CUDA version 11.8

Python version 3.10.8

During training, all input images were resized to 640 x 640 pixels. The models were
trained for 200 epochs with a batch size of 32. Stochastic Gradient Descent, SGD, was
adopted as the optimizer, with an initial learning rate of 0.001, a momentum of 0.937, and a
weight decay of 0.0005. In addition, the number of data loading workers was set to 25. The
detailed training hyperparameters are listed in Table 2.
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Table 2. Training hyperparameter settings.

Parameter Value
Input image size 640 x 640
Epochs 200
Batch size 32
Optimizer SGD
Initial learning rate 0.001
Momentum 0.937
Weight decay 0.0005
Workers 25

To comprehensively evaluate the performance of the proposed model, both detection
accuracy and model efficiency were considered. For detection performance, standard
object detection metrics, including Precision, Recall, Average Precision, AP, and Mean
Average Precision, mAP, were adopted. For computational efficiency and lightweight
deployment capability, the number of parameters, model size, and inference speed were
further reported, measured by Params (M), Size (MB), and FPS, respectively.

For each predicted bounding box, the detection outcome was categorized as a True
Positive, TP, False Positive, FP, or False Negative, FN, according to its matching relationship
with the ground truth. A prediction was regarded as a TP when it correctly identified a rose
target with the correct category and sufficient overlap with the corresponding ground truth
box. An FP referred to an incorrect prediction, such as background regions or non target
structures being mistakenly detected as roses, whereas an FN denoted a missed target.
Based on these quantities, Precision and Recall were calculated as follows:

TP
Precision = ———— 14
recision TP+ FD’ (14a)
TP
Recall = TPLEN’ (14b)

Precision measures the reliability of the predicted results, whereas Recall reflects the
completeness of target detection.
The localization quality of each prediction was measured by Intersection over Union,
IoU, which quantifies the overlap between the predicted bounding box and its correspond-
ing ground truth box. Based on the Precision—Recall curve, the Average Precision for the
ith category was computed as:
AP; = area(PR;), (15)

where area(PR;) denotes the area under the Precision-Recall curve of the ith category. The
Mean Average Precision was then obtained by averaging AP over all N categories:

1 N
AP = — ) AP, 1
m N lzzl i (16)

In this study, both mAP@50 and mAP@50:95 were reported. Specifically, mAP@50 eval-
uates detection performance at an IoU threshold of 0.50, whereas mAP@50:95 averages the
AP values over IoU thresholds ranging from 0.50 to 0.95 with an interval of 0.05. Compared
with mAP@50, mAP@50:95 provides a more stringent assessment of localization accuracy
and therefore offers a more comprehensive evaluation of overall detection performance.

In addition to detection accuracy, model complexity and deployment efficiency were
also taken into account. Params (M) denotes the total number of learnable parameters in
the model, reflecting its structural complexity. Size (MB) represents the storage size of the
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trained model, which is directly related to memory requirements during deployment. FPS,
frames per second, measures the inference speed of the model and indicates its real time
processing capability. These three indicators were used to assess whether the proposed
model achieves a favorable balance between accuracy and lightweight design.

To reduce the influence of stochastic model training and to quantify the uncertainty
associated with the limited test-set size, all compared detectors were independently trained
three times using random seeds 0, 42, and 3407. The training, validation, and test partitions
were fixed across all runs, and the random seeds controlled model initialization, data
shuffling, and stochastic data augmentation. Detection metrics are therefore reported
as the mean =+ standard deviation over the three independent runs. Model parameters,
model size, and inference speed were reported once because they were unaffected by the
random seed.

Statistical significance was evaluated using a paired image-level bootstrap procedure.
In each of 5000 bootstrap iterations, test images were sampled with replacement, and the
same sampled image indices were used for all compared models. Predictions and ground-
truth annotations from the sampled images were aggregated to recalculate mAP@50. For
each bootstrap sample, the metric was first averaged across the three random-seed runs,
after which the paired difference between BloomRoseNet and each baseline detector was
calculated. The percentile method was used to obtain the 95% confidence interval of each
performance difference. Two-sided bootstrap p values were calculated and adjusted for
the 14 pairwise comparisons using the Holm-Bonferroni procedure. An adjusted value of
Padj < 0.05 was considered statistically significant.

For the density-wise analysis, bootstrap resampling was independently performed
within each image-density group. For the scale-wise analysis, images were resampled
before retaining ground-truth instances belonging to the selected scale group, thereby
preserving the dependence among multiple targets originating from the same image.

3. Experimental Results

This section presents the experimental results from five aspects: ablation analysis,
comparison with mainstream methods, evaluation of supplementary multi-view data,
robustness analysis, and scene-wise performance analysis under different density and
scale conditions. First, the contribution of each proposed module is examined through
ablation experiments. Then, the overall performance of the final model is compared
with several representative object detection methods. Furthermore, the effectiveness of the
supplementary data is validated on Overhead Rose dataset. Finally, robustness experiments
are conducted to assess the model stability under challenging conditions.

3.1. Ablation Study

To evaluate the effectiveness of the proposed modules, an ablation study was con-
ducted on our test set by progressively introducing S2C2f, AFFM, and Detect_DPA into
the baseline YOLOv12n. Specifically, MO represents the original YOLOv12n baseline, M1
represents the model with S2C2f only, M12 represents the model with both S2C2f and
AFFM, and M123 represents the final BloomRoseNet integrating all three proposed mod-
ules. The quantitative results are presented in Table 3. Overall, the progressive integration
of the three modules consistently improved the detection performance. Compared with the
baseline YOLOvV12n, the final model achieved gains of 3.2 percentage points in precision,
3.3 percentage points in recall, 3.6 percentage points in mAP@50, and 1.6 percentage points
in mAP@50:95. Meanwhile, the parameter count, model size, and inference speed remained
at a lightweight and real-time level, indicating that the proposed improvements enhanced
detection performance without introducing excessive computational burden. Qualitative
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detection and heatmap visualizations further support the quantitative ablation results,
showing that the progressive integration of the proposed modules enabled the model
to focus more accurately on rose targets under both cluttered backgrounds and dense
small-object scenes (Figure 7).

Heatmap

~

Figure 7. (a,b) Qualitative comparison of the ablation models on representative greenhouse rose
images. For each case, the first row shows the detection results and the second row shows the
corresponding heatmaps. Compared with the baseline, the progressively improved models exhibit
more accurate localization and more concentrated responses on true rose regions, particularly in
cluttered backgrounds and dense small-target scenes.

Table 3. Ablation study results of the proposed modules on test set.

Detect o o . Params Size
Model S2C2f AFFM DPA P (%) R (%) mAP@50 (%) mAP@50:95 (%) (M) (MB) FPS
MO - - 82.9 82.0 86.9 52.5 2.55 55 131
M1 v - - 82.3 85.6 88.2 53.1 2.26 4.8 187
Mi12 v v - 81.9 86.6 89.0 53.5 2.18 4.7 147
M123 v v v 86.1 85.3 90.5 54.1 2.08 4.5 134

Note: “v"” indicates that the corresponding module is included, while “~” indicates that the module is not used.

3.1.1. Contribution of S2C2f

Among the three proposed modules, S2C2f produced the most direct and comprehen-
sive improvement in the early ablation stage. After introducing S2C2f into the baseline
YOLOV12n, the recall increased markedly from 82.0% to 85.6%, representing the largest
recall gain among the intermediate ablation steps. Meanwhile, mAP@50 improved from
86.9% to 88.2%, and mAP@50:95 increased from 52.5% to 53.1%. Although the precision
decreased slightly from 82.9% to 82.3%, the overall detection performance showed a clear
positive trend.

More importantly, the introduction of S2C2f also brought notable improvements in
model efficiency. The number of parameters decreased from 2.55 M to 2.26 M, the model
size was reduced from 5.5 MB to 4.8 MB, and the inference speed increased substantially

https:/ /doi.org/10.3390/rs18162704


https://doi.org/10.3390/rs18162704

Remote Sens. 2026, 18, 2704

20 of 38

from 131 FPS to 187 FPS. This means that S2C2f not only enhanced the model’s ability to
detect rose targets, but also improved its computational efficiency at the same time.

From the perspective of the full ablation process, S2C2f can be regarded as the module
that first established the performance advantage of the improved framework. Its introduc-
tion produced simultaneous gains in recall, mAP@50, lightweight design, and inference
speed, which makes it the most prominent single-step improvement in the ablation study.
Therefore, the results demonstrate that S2C2f played a foundational role in improving the
overall detector performance.

3.1.2. Contribution of AFFM

On the basis of M1 model, the further introduction of AFFM led to a continued
improvement in the overall detection results. Specifically, recall increased from 85.6%
to 86.6%, which was the highest recall value among all ablation variants. At the same
time, mAP@50 increased from 88.2% to 89.0%, and mAP@50:95 improved from 53.1% to
53.5%. Although precision showed a slight decrease from 82.3% to 81.9%, the overall trend
remained positive in terms of comprehensive detection performance.

In addition, AFFM further reduced the model complexity. After introducing this
module, the parameter count decreased from 2.26 M to 2.18 M, and the model size was
reduced from 4.8 MB to 4.7 MB. Although the inference speed dropped from 187 FPS to
147 FPS compared with M1 model, it still remained within the real-time range. Compared
with the baseline YOLOv12n, the model with S2C2f and AFFM achieved better recall,
higher mAP values, and lower complexity, showing that AFFM further strengthened the
improved detector on top of the gain already brought by S2C2f.

Overall, the contribution of AFFM is reflected more in the continued optimization
of the intermediate feature representation, which helped the model maintain an upward
trend in detection accuracy after the substantial gain obtained by S2C2f.

3.1.3. Contribution of Detect_ DPA

After further incorporating Detect_DPA, the model achieved the best overall per-
formance in the ablation study. The most notable improvement at this stage was the
substantial increase in precision, which rose from 81.9% to 86.1%. Meanwhile, mAP@50
further improved from 89.0% to 90.5%, and mAP@50:95 increased from 53.5% to 54.1%,
both reaching the highest values among all variants. Although recall decreased slightly
from 86.6% to 85.3%, it still remained higher than the baseline result of 82.0%.

In terms of model complexity, Detect_DPA also further reduced the parameter count
from 2.18 M to 2.08 M and the model size from 4.7 MB to 4.5 MB. The inference speed was
134 FPS, which was slightly lower than that of M1 and M12, but still sufficient for real-time
deployment. Compared with the baseline YOLOvV12n, the final model achieved gains of
3.2 percentage points in precision, 3.3 percentage points in recall, 3.6 percentage points in
mAP@50, and 1.6 percentage points in mAP@50:95, while also becoming more lightweight.

These results indicate that Detect_DPA was the key module for improving the final
detection quality, especially in terms of precision and overall localization performance. In
other words, while S2C2f provided the most obvious early-stage gain and AFFM further
enhanced the intermediate performance, Detect_DPA played the decisive role in pushing
the final model to its best comprehensive result.

In summary, the ablation study verifies that the three proposed modules contributed
positively to the overall performance of the final detector, although some individual metrics
fluctuated during the progressive integration. S2C2f provided the most prominent and
comprehensive single-step improvement, especially in recall, efficiency, and lightweight
design. AFFM further improved the overall detection results and helped the model reach
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the highest recall. Detect_DPA finally delivered the best precision and the highest mAP@50
and mAP@50:95 values. The combination of these three modules enabled the proposed
model to achieve the best balance between detection accuracy, model complexity, and
inference speed.

3.2. Comparison with Mainstream Methods

To further evaluate the superiority of the proposed model, comparative experiments
were conducted on the test set against several mainstream object detection methods, in-
cluding Faster R-CNN, SSD, a GhostNet-based detector, RI-DETR-L, Mamba-YOLO-T,
YOLO-Worldv2, YOLOv8n, YOLOv9t, YOLOv10n, YOLOv11ln, YOLOvV12n, YOLOv13n,
YOLO26n, and Rose-Mamba-YOLO. The quantitative results are summarized in Table 4.

Table 4. Comparison of the proposed method with mainstream object detection algorithms on the fixed
test set. Detection metrics are reported as mean =+ standard deviation over three independent runs.

mAP@50 mAP@50:95 Params Size

Model P (%) R (O/o) (%) (o/o) (M) (MB) FPS
Faster R-CNN 65.2+0.3 68.8 +0.2 73.34+0.3 27.7+0.2 28.28 108.2 50

SSD 799+0.3 80.4+0.2 81.74+0.3 46.31+ 04 3.67 14.8 112
GhostNet 769 +04 80.9 +0.2 83.1+£0.2 50.3£0.3 1.71 3.8 165
RT-DETR-L 83.8+0.2 82.7+0.5 87.8+04 529+04 25.67 53.6 58

Mamba-

YOLO-T 84.6 0.2 83.2+0.5 88.14+0.2 53.24+0.3 5.99 12.3 121
\\/{Voo}:igx-zz 822+04 83.4+0.1 85.6+0.3 51.9+0.1 3.53 74 175
YOLOv8n 81.6+0.2 81.6+0.3 86.4+0.3 523 +£0.1 3.00 6.3 223
YOLOvV9t 80.2+04 81.4+0.1 84.2+0.3 51.7+04 1.97 4.7 99

YOLOvV10n 81.84+0.6 81.7+04 86.7 0.5 52.1+04 2.26 49 202
YOLOvlln 81.2+0.3 81.1+0.3 85.4+0.2 51.5+£0.3 2.58 5.5 184
YOLOv12n 82.9+0.1 82.0+0.2 86.9 +0.1 525+0.2 2.55 55 131
YOLOvV13n 814403 79.7 £0.1 84.24+0.1 51.0+0.3 2.46 54 89

YOLO26n 82.5+05 79.5+0.2 84.0+0.1 504+£0.3 2.37 5.1 144
Rose-

Mamba-YOLO 85.24+0.2 82.4+04 89.0+0.1 53.2+0.3 8.28 16.6 118
BloomRoseNet 86.1+0.1 85.3+0.2 90.5+0.2 541+£0.1 2.08 45 134

Note: Bold values indicate the best performance in each column.

Across the three independent runs, BloomRoseNet achieved mean precision, recall,
mAP@50, and mAP@50:95 values of (86.1 +0.1)%, (85.3 £ 0.2)%, (90.5 &+ 0.2)%, and
(54.1 £ 0.1)%, respectively. The consistently small standard deviations indicate that the
performance of the proposed model remained stable across different random initializations
and was not dependent on a particular training run.

The paired image-level bootstrap analysis further showed that BloomRoseNet signifi-
cantly outperformed all 14 baseline detectors in terms of mAP@50 after Holm—-Bonferroni
correction. Compared with Rose-Mamba-YOLO, which was the strongest baseline, Bloom-
RoseNet improved the mean mAP@50 by 1.5 percentage points, with a 95% confidence
interval of [0.2,2.8] percentage points and an adjusted value of p,qj = 0.041. Compared
with Mamba-YOLO-T, RT-DETR-L, and the baseline YOLOv12n, the corresponding im-
provements were 2.4, 2.7, and 3.6 percentage points, respectively. These results indicate
that the performance advantage of BloomRoseNet exceeded the variability associated with
random training initialization and finite test-set sampling.

Compared with the baseline YOLOv12n, BloomRoseNet also improved mAP@50:95
by 1.6 percentage points while reducing the parameter count from 2.55 M to 2.08 M and the
model size from 5.5 MB to 4.5 MB. Compared with other lightweight YOLO variants, in-
cluding YOLOv8n, YOLOv10n, and YOLOv11n, the proposed model consistently achieved
higher mean precision, recall, and overall detection accuracy. Qualitative inference results
further support these quantitative findings, showing that BloomRoseNet produced more
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complete and accurate detections in complex greenhouse scenes containing dense foliage
and small rose targets (Figure 8).

YOLOv8n YOLOvSt

YOLOv13

Figure 8. Qualitative comparison of inference results of different object detection methods on a
representative greenhouse rose image.

Notably, two recent competitive architectures, RT-DETR-L and Mamba-YOLO-T,
were also included for comparison. Although these models achieved relatively strong
detection accuracy, neither surpassed BloomRoseNet on the test set. RT-DETR-L in
particular relied on a much larger model scale, with 25.67 M parameters and a model
size of 53.6 MB, while Mamba-YOLO-T also required clearly higher complexity than the
proposed model. This result suggests that BloomRoseNet provides a more favorable
trade-off between accuracy and model compactness for greenhouse rose detection.

In addition to the accuracy gains, the proposed model maintained a relatively
compact architecture. Its parameter count and model size were 2.08 M and 4.5 MB,
respectively, which were lower than those of most compared mainstream detectors while
remaining close to the lightweight end among the YOLO-based models. Although its in-
ference speed (134 FPS) was not the highest among all methods, it still satisfied real-time
detection requirements. These results indicate that BloomRoseNet achieved a favorable
balance between detection accuracy, model complexity, and inference efficiency. As
further illustrated in Figure 9, BloomRoseNet also maintained stable inference efficiency
across different hardware platforms, confirming its practical applicability for real-time
greenhouse rose detection. To provide a more direct assessment of deployment latency,
the average inference time per image was also tested under the same inference settings.
The BloomRoseNet required approximately 7.4 ms per image on the RTX 4090, 18.9 ms
on the RTX 3060, and 93.5 ms on the CPU i7-11800H. The RTX 3060 result demonstrates
that the proposed model retains real-time inference capability on a relatively accessible
GPU platform, whereas CPU-only inference remains feasible but exhibits substantially
higher latency.

Compared with the two-stage detector Faster R-CNN, the proposed method showed
substantial advantages in both efficiency and detection accuracy. Compared with one-stage
detectors such as SSD and other YOLO-based methods, the proposed model demon-
strated stronger competitiveness for UAV-based rose detection in greenhouse environ-
ments. These results confirm that the proposed improvements effectively enhance the
baseline model and make it more suitable for practical deployment in resource-constrained
agricultural scenarios.
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Figure 9. Cross-platform inference speed comparison of BloomRoseNet and other mainstream object
detection methods on three hardware platforms, including RTX 4090, RTX 3060, and CPU i7-11800H.

3.3. Effect of Supplementary Multi-View Data on Detection Performance

To further verify the effectiveness of the supplementary multi-view rose data, the
final model, BloomRoseNet, was trained under two different dataset settings: the complete
GreenHouse Rose dataset and the Overhead Rose dataset. The GreenHouse Rose dataset
consists of self-collected overhead images, RoseTracker data, and additionally screened and
re-annotated multi-view rose images, whereas the Overhead Rose dataset contains only
the self-collected overhead images and RoseTracker data. The quantitative comparison is
summarized in Table 5.

Table 5. Effect of supplementary multi-view data on model performance under different training

datasets.

.. mAP@50 mAP@50:95 Params Size
Training Dataset P (%) R (%) (%) (%) ™M) (MB) FPS
GreenHouse Rose dataset 86.1 85.3 90.5 54.1 2.08 45 134
Overhead Rose dataset 85.2 82.8 89.2 54.1 2.08 4.5 134

Note: The GreenHouse Rose dataset includes self-collected overhead images, RoseTracker data, and additionally
screened and re-annotated multi-view rose images. The Overhead Rose dataset includes only self-collected
overhead images and RoseTracker data.

As shown in Table 5, BloomRoseNet trained on the GreenHouse Rose dataset achieved
a precision of 86.1%, a recall of 85.3%, an mAP@50 of 90.5%, and an mAP@50:95 of 54.1%.
In comparison, training on the Overhead Rose dataset resulted in a precision of 85.2%, a
recall of 82.8%, an mAP@50 of 89.2%, and an mAP@50:95 of 54.1%. Under the same model
configuration, the introduction of supplementary multi-view data improved precision
by 0.9 percentage points, recall by 2.5 percentage points, and mAP@50 by 1.3 percentage
points, while maintaining the same mAP@50:95 value. These results indicate that the
supplementary data mainly enhanced the model’s ability to detect more rose targets
without reducing localization quality.

Figure 10 further provides a qualitative comparison of BloomRoseNet trained on the
two dataset settings. Overall, the model trained on the GreenHouse Rose dataset produced
more accurate predictions. In Sample (a), both models generated several false positive
predictions for rose_small; however, the model trained on the final dataset assigned lower
confidence scores to these incorrect detections, indicating better suppression of ambiguous
background interference. In Sample (b), the model trained on the GreenHouse Rose dataset
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also showed more reliable recognition of rose targets. These visual results are consistent
with the quantitative comparison.

Ground Truth

2 e
] Lid 2
:

Overhead Rose Dataset

| 50
! 4

GreenHouse Rose Dataset

) I 7D W)

e
g

Sample

(a)

Sample [

(b)

Figure 10. (a,b) Qualitative comparison of BloomRoseNet trained on different datasets.

Overall, the comparison confirms that the supplementary multi-view rose data effec-
tively improved the detection performance of BloomRoseNet. This finding also supports
the practical value of constructing the GreenHouse Rose dataset as a more diverse and
representative training set for greenhouse rose detection.

3.4. Robustness Analysis

To further evaluate the reliability of the proposed method under practical greenhouse
imaging disturbances, a robustness analysis was conducted by introducing four repre-
sentative perturbation types into the test set, namely Gaussian blur, motion blur, random
occlusion, and brightness variation. The corresponding results are shown in Figure 11.

These four perturbation settings were selected because they closely reflect the major
sources of performance degradation in UAV-based rose monitoring. First, Gaussian
blur was used to simulate image quality degradation caused by slight defocus, lens
limitations, or imperfect reconstruction details in overhead images. Since the proposed
task involves a large number of small rose buds, the loss of fine texture and boundary
information may directly affect detection accuracy. Second, motion blur was introduced
to mimic image smear caused by UAV motion, platform vibration, or unstable acquisition
conditions during image capture. Compared with Gaussian blur, motion blur usually
produces stronger directional distortion and is therefore more destructive to target
localization. Third, random occlusion was considered to represent partial visibility loss
in realistic greenhouse scenes, where rose flowers may be partially covered by leaves,
branches, neighboring blooms, or crop structures. This factor is especially relevant to
the detection of small and densely distributed targets. Fourth, brightness variation was
applied to simulate illumination inconsistency caused by sunlight angle, greenhouse
film transmission, local shadows, and exposure fluctuations. Such intensity changes are
common in greenhouse environments and may alter the visual contrast between flowers
and the background.

As illustrated in Figure 11, BloomRoseNet and other baseline detectors exhibited
performance degradation as the perturbation intensity increased, but the degradation
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trends were different across methods. Under Gaussian blur, the detection accuracy of
all models gradually decreased with increasing blur strength, indicating that the loss of
local texture and contour information negatively affected rose recognition. Under motion
blur, the decline became more pronounced, especially at higher blur levels, confirming
that directional image degradation is more harmful to accurate localization. Under the
occlusion setting, all methods showed a clear drop in mAP@50 as the occlusion ratio
increased, which suggests that partial disappearance of targets remains a major challenge
in dense greenhouse scenes. For brightness variation, the performance of most models
reached the highest level around the original illumination condition and decreased when
the brightness offset became excessively positive or negative, forming an approximately
inverted-U trend. This observation is consistent with the fact that both overexposure and
underexposure reduce discriminative visual cues.

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00 0.0 25 125 15.0 17.5

Gaussian blur ¢

(@)

.0 75 10.0
Motion blur length L
(b)

0.0 25 5.0 75 10.0 125
Occlusion ratio r (%)

15.0

-30 -20 -10 0 10 20 30

Brightness offset A

() @
—e— Faster RCNN —¥— YOLO-Worldv2 —#— YOLOvIOn —*— YOLOvVI3n
SSD —<— YOLOv8n YOLOvlIn —4*— YOLOV26n
—— GhostNet YOLOV9t —*— YOLOvI2n BloomRoseNet

Figure 11. Robustness comparison of BloomRoseNet and other mainstream object detection methods
under four perturbation settings: (a) Gaussian blur, (b) motion blur, (¢) random occlusion, and
(d) brightness variation.

Among all methods, BloomRoseNet consistently achieved the best performance across
all four perturbation settings in Figure 12. In addition to obtaining the highest baseline
accuracy under the clean test condition, the proposed model maintained a comparatively
slower decline as the perturbation severity increased. This result indicates that the proposed
improvements not only enhanced the detection accuracy on standard test images, but also
improved the stability of feature extraction and target localization under degraded imaging
conditions. In particular, the stronger robustness under blur, occlusion, and illumination
changes is important for practical rose monitoring, where small flower buds are often more
sensitive to visual quality loss and environmental interference.

Overall, the robustness analysis demonstrates that BloomRoseNet has better adapt-
ability to common disturbances encountered in real greenhouse applications, which further
supports its effectiveness and practical value for UAV-based rose detection.
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Dense Rose Cluster Scene Sparse Rose Cluster Scene

Labels Our Results Labels

Our Results

Figure 12. Representative qualitative examples for density- and scale-wise rose detection. The density
examples compare rose scenes with different numbers of annotated instances in each image, and
the scale examples compare rose targets with different bounding-box sizes. Ground-truth labels and
BloomRoseNet predictions are shown for visual comparison.

3.5. Scene-Wise Performance Analysis

To further evaluate the detection performance of BloomRoseNet under different rose-
density and object-scale conditions, the test set was reorganized into density-wise and
scale-wise evaluation subsets. The density-wise evaluation groups images according to the
number of annotated rose instances in each image, whereas the scale-wise evaluation groups
individual rose instances according to the relative bounding-box area. Both rose_large and
rose_small instances were included in the grouping process.

This analysis provides a more fine-grained evaluation than the overall test-set com-
parison. In practical greenhouse UAV imagery, the difficulty of rose detection is not only
determined by the model architecture, but also by the number of visible rose targets and
the visual size of each target. Dense images usually contain more occlusion and adjacent
targets, while small-scale roses often provide fewer texture and boundary cues. Therefore,
the density-wise and scale-wise evaluations are used to examine whether the proposed
model remains reliable under these challenging conditions.

As summarized in Table 6, the density-wise evaluation contains 149 sparse images,
68 medium-density images, and 33 dense images. Although the dense group has the
fewest images, it contains 300 rose instances, indicating a much higher target concen-
tration. For the scale-wise evaluation, small targets account for the majority of the test
instances, with 562 objects, while medium and large targets contain 161 and 46 objects,
respectively. This distribution confirms that small-target detection is a central challenge in
the proposed benchmark.
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Table 6. Group definitions and sample statistics for scene-wise evaluation.
Setting Group Criterion Images Instances
. 1-2 instances per
Rose density Sparse image 149 209
: . 3-5 instances per
Rose density Medium image 68 260
6 or more
Rose density Dense instances per 33 300
image
Box area ratio
Rose scale Small below 1% - 562
. Box area ratio
Rose scale Medium from 1% to 5% - 161
Box area ratio
Rose scale Large above 5% - 46

3.5.1. Image-Level Rose Density Analysis

For image-level density analysis, the test images were divided into sparse, medium-
density, and dense groups according to the number of annotated rose instances in each
image. This evaluation examines whether a detector can maintain stable performance
when the number of rose instances increases within a single image. Dense scenes are more
challenging because adjacent roses, overlapping foliage, and small buds can easily lead to
missed detections, duplicated predictions, or inaccurate localization.

As shown in Table 7, BloomRoseNet achieves the best mAP@50 in all three density
groups. In sparse scenes, the proposed model obtains 91.2%, outperforming YOLOv12n by
2.8 percentage points. In medium-density scenes, BloomRoseNet reaches 90.7%, which is
3.7 percentage points higher than YOLOv12n. In dense scenes, where target overlap and
background interference become more severe, BloomRoseNet achieves 89.0%, improving
over YOLOvV12n by 5.4 percentage points.

Table 7. Comparison with mainstream detectors under image-level rose-density groups. Group-wise
detection performance is reported using mAP@50 (%), together with Recall (%) for the dense group.
“Density mean” indicates the average mAP@50 across the sparse, medium-density, and dense groups,
while “Dense gain” denotes the mAP@50 improvement over YOLOv12n in dense scenes.

Dense  Density  Dense

Model Overall Sparse Medium Dense Recall Mean Gain
Faster R-CNN 73.3 75.8 73.6 67.9 64.8 72.4 —15.7
SSD 81.7 83.1 81.6 78.1 75.6 80.9 —55
GhostNet 83.1 84.7 83.0 79.3 77.1 82.3 —4.3
RT-DETR-L 87.8 89.1 88.0 85.2 82.7 87.4 +1.6

Mamba-YOLO-T 88.1 89.4 88.4 85.7 83.4 87.8 +2.1

YOLO-Worldv2 85.6 87.2 85.5 81.7 79.1 84.8 -1.9
YOLOvVS8n 86.4 87.8 86.2 82.8 80.5 85.6 —0.8
YOLOv9t 84.2 85.7 84.0 80.4 77.9 83.4 -3.2
YOLOv10n 86.7 88.1 86.5 83.2 80.8 85.9 —0.4
YOLOvlln 85.4 86.8 85.3 81.9 79.3 84.7 -17
YOLOv12n 86.9 88.4 87.0 83.6 81.2 86.3 0.0

YOLOv13n 84.2 85.5 84.1 80.1 77.5 83.2 -35
YOLO26n 84.0 85.3 83.8 79.8 77.1 83.0 -3.8
BloomRoseNet 90.5 91.2 90.7 89.0 87.3 90.3 +5.4

Note: Bold values indicate the best performance in each column.

The dense-scene results are particularly important because this group contains only
33 images but 300 rose instances, indicating that each image includes a much larger number
of targets. Most detectors show a clear performance decline from sparse to dense scenes.
For example, YOLOv12n decreases from 88.4% to 83.6%, while Mamba-YOLO-T decreases
from 89.4% to 85.7%. In contrast, BloomRoseNet decreases only from 91.2% to 89.0%,
showing stronger stability under crowded greenhouse conditions.
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Compared with other competitive detectors, BloomRoseNet also maintains a clear
advantage in the dense group. Its dense-scene mAP@50 is 3.3 percentage points higher than
Mamba-YOLO-T and 3.8 percentage points higher than RT-DETR-L. This indicates that the
proposed model is more effective in separating adjacent rose targets and retaining small
buds under high-density conditions. The result is consistent with the design motivation of
BloomRoseNet, which aims to improve dense, small, and visually similar rose detection.
The Recall results provide further evidence of the model’s ability to reduce missed detec-
tions in crowded scenes. BloomRoseNet achieves a dense-scene Recall of 87.3%, exceeding
YOLOv12n, Mamba-YOLO-T, and RT-DETR-L by 6.1, 3.9, and 4.6 percentage points, respec-
tively, indicating that more rose instances are successfully retained under severe overlap
and background interference.

The density mean further reflects the balanced performance of each detector across
sparse, medium-density, and dense scenes. BloomRoseNet achieves the highest density
mean of 90.3%, exceeding YOLOv12n by 4.0 percentage points. This result shows that
its advantage is not limited to a single density condition. Instead, the proposed model
maintains strong performance across different image-level target distributions, which
is important for practical greenhouse rose monitoring where target density may vary
substantially across planting rows and growth stages.

3.5.2. Instance-Level Rose Scale Analysis

For instance-level scale analysis, rose targets were divided into small, medium, and
large groups according to the relative bounding-box area. This grouping reflects the
physical size of each target in the image and is independent of the semantic categories
rose_large and rose_small. During scale-wise evaluation, ground-truth instances outside the
selected scale range were ignored during matching to avoid penalizing detections from
other scale groups.

As shown in Table 8, all detectors generally achieve higher accuracy on large rose
targets than on small rose targets. This trend indicates that target size has a clear influence
on detection performance. Small roses contain fewer texture details and weaker boundary
information, and they are more likely to be confused with leaves, stems, and background
structures. Therefore, the small-scale group represents the most challenging part of the
scale-wise evaluation.

Table 8. Comparison with mainstream detectors under instance-level rose-scale groups. Group-wise
detection performance is reported using mAP@50 (%), together with Recall (%) for the small-target
group. “Scale mean” indicates the average mAP@50 across the small, medium, and large target
groups, while “Small gain” denotes the mAP@50 improvement over YOLOvV12n for small rose targets.

Model Overall Small IS{l;gllll Medium Large f,lc: ;f\ Sén:#ll
Faster R-CNN 73.3 69.8 67.0 75.4 80.3 75.2 —15.2
SSD 81.7 79.1 76.5 82.7 86.5 82.8 —59
GhostNet 83.1 80.4 78.4 84.0 87.3 83.9 —4.6
RT-DETR-L 87.8 85.7 83.5 88.8 91.1 88.5 +0.7

Mamba-YOLO-T 88.1 86.2 84.3 89.0 91.6 88.9 +1.2

YOLO-Worldv2 85.6 83.2 80.5 86.3 89.7 86.4 -1.8
YOLOv8n 86.4 83.9 81.6 87.1 90.0 87.0 —-1.1
YOLOVOt 84.2 81.7 79.4 85.1 88.4 85.1 -3.3
YOLOv10n 86.7 84.3 82.1 87.4 90.3 87.3 -0.7
YOLOv1ln 85.4 82.8 80.2 86.2 89.2 86.1 -22
YOLOv12n 86.9 85.0 82.8 88.5 91.8 88.4 0.0

YOLOv13n 84.2 81.5 79.0 84.9 88.1 84.8 -3.5
YOLO26n 84.0 81.1 78.7 84.7 87.6 84.5 -39
BloomRoseNet 90.5 89.2 87.5 90.8 92.4 90.8 +4.2

Note: Bold values indicate the best performance in each column.
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BloomRoseNet achieves the best performance in all three scale groups, with mAP@50
values of 89.2%, 90.8%, and 92.4% for small, medium, and large targets, respectively. Com-
pared with YOLOv12n, the proposed model improves small-target mAP@50 by 4.2 percent-
age points, medium-target mAP@50 by 2.3 percentage points, and large-target mAP@50
by 0.6 percentage points. The improvement is most prominent on small targets, which
directly supports the effectiveness of the proposed model for small rose buds and distant
rose targets.

Compared with other strong baselines, BloomRoseNet also shows clear advantages in
small-target detection. It exceeds Mamba-YOLO-T by 3.0 percentage points and RT-DETR-L
by 3.5 percentage points on the small-scale group. This result is meaningful because both
Mamba-YOLO-T and RT-DETR-L achieve strong overall performance in the mainstream
comparison. The stronger small-target result suggests that BloomRoseNet provides more
suitable feature representation for greenhouse rose detection, especially when target de-
tails are limited. A similar advantage is observed in the Recall results for small targets.
BloomRoseNet obtains a small-target Recall of 87.5%, outperforming YOLOv12n, Mamba-
YOLO-T, and RT-DETR-L by 4.7, 3.2, and 4.0 percentage points, respectively, which directly
demonstrates its stronger ability to reduce missed detections of small rose buds and distant
rose instances.

The scale mean further demonstrates the balanced detection ability of BloomRoseNet
across different target sizes. The proposed model achieves a scale mean of 90.8%, which
is 2.4 percentage points higher than YOLOv12n and 1.9 percentage points higher than
Mamba-YOLO-T. This indicates that BloomRoseNet improves the detection of small targets
without sacrificing performance on medium and large targets. Such balanced scale-wise
performance is important for UAV greenhouse imagery, where roses may appear at different
distances and under different canopy conditions.

Overall, the density-wise and scale-wise analyses provide complementary evidence
beyond the overall test-set metrics. The density-wise evaluation reflects image-level com-
plexity caused by different numbers of rose instances, whereas the scale-wise evaluation
reflects instance-level difficulty caused by different bounding-box sizes. The results show
that BloomRoseNet is not only superior in overall mAP@50, but also more reliable in dense
scenes and small-target detection scenarios. These findings further demonstrate its practical
value for greenhouse rose monitoring under diverse field conditions.

4. Discussion
4.1. Significance of the Multi-Source Dataset Construction

One of the main contributions of this study is the construction of the GreenHouse
Rose dataset by integrating self-collected UAV overhead images, screened RoseTracker
images, and supplementary multi-view rose images. The purpose of this strategy was not
merely to increase the number of training samples, but to broaden the visual distribution of
rose targets in terms of viewpoint, scale, flowering stage, local occlusion, and background
composition. Such diversity is important because rose appearance may vary substantially
even within relatively controlled greenhouse environments.

The experimental results support the effectiveness of this data-integration strategy.
When BloomRoseNet was trained on the complete GreenHouse Rose dataset, precision,
recall, and mAP@50 reached 86.1%, 85.3%, and 90.5%, respectively. In comparison, training
on the Overhead Rose dataset alone resulted in precision of 85.2%, recall of 82.8%, and
mAP@50 of 89.2%. The most evident gain was the 2.5 percentage-point increase in recall,
indicating that the supplementary multi-view data helped the detector recognize a wider
range of target appearances and reduced missed detections.
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This improvement is particularly relevant to greenhouse phenotyping, where small
or partially occluded roses may be difficult to distinguish from leaves, stems, and neigh-
boring flowers. The simultaneous improvements in precision and recall indicate that the
supplementary data did not merely increase model sensitivity, but also improved target
discrimination. In contrast, mAP@50:95 remained unchanged at 54.1%, suggesting that
the main benefit of the additional data was improved target recognition and appearance
coverage rather than more accurate high-IoU boundary localization. For flower counting
and developmental-stage monitoring, this result remains practically meaningful because
reliable target discovery is generally more important than marginally tighter bounding-
box alignment.

Nevertheless, the supplementary multi-view images cannot fully represent all varia-
tions encountered in production greenhouses. Differences in greenhouse covering materials,
illumination systems, planting density, canopy structure, camera settings, and UAV imag-
ing height may alter both target appearance and background composition. In addition,
although the supplementary data include roses with different colors and viewpoints, the
primary UAV data remain dominated by healthy red roses. The current dataset there-
fore provides broader visual diversity than a single-source dataset, but it should not be
interpreted as covering all greenhouse conditions or rose cultivars.

4.2. Effectiveness of the Proposed Model Improvements

The ablation experiments demonstrate the complementary contributions of S2C2f,
AFFM, and Detect_DPA to feature extraction, multi-scale fusion, and prediction refinement.
52C2f produced the most evident initial improvement: recall increased from 82.0% to 85.6%,
mAP@50 from 86.9% to 88.2%, and mAP@50:95 from 52.5% to 53.1%. Meanwhile, the
parameter count decreased from 2.55 M to 2.26 M and the inference speed increased from
131 FPS to 187 FPS. These results indicate that S2C2f strengthened fine-grained feature
representation while reducing computational complexity, which is particularly beneficial
for small rose buds with limited texture and boundary information.

The introduction of AFFM further increased recall to 86.6%, the highest among all
ablation variants, suggesting that adaptive fusion of shallow spatial details and deeper
semantic information improved the recovery of small, overlapping, and partially occluded
targets. Detect_DPA subsequently increased precision from 81.9% to 86.1%, while mAP@50
and mAP@50:95 reached 90.5% and 54.1%, respectively. Although recall decreased slightly
from 86.6% to 85.3%, it remained 3.3 percentage points above the baseline, indicating that
Detect_DPA reduced false positives and achieved a better precision-recall balance.

Overall, the complete BloomRoseNet improved precision, recall, mAP@50, and
mAP@50:95 over YOLOv12n by 3.2, 3.3, 3.6, and 1.6 percentage points, respectively. At the
same time, the parameter count decreased from 2.55 M to 2.08 M and the model size from
5.5 MB to 4.5 MB. Thus, the proposed modules improve detection accuracy and efficiency
through task-oriented feature enhancement rather than increased model capacity.

4.3. Implications for Small-Object Detection in Complex Greenhouse Scenes

Greenhouse UAV imagery presents substantial small-object detection challenges be-
cause rose buds occupy few pixels and are frequently affected by overlap, background
interference, blur, and illumination variation. BloomRoseNet achieved the best overall per-
formance among the evaluated detectors, with precision, recall, mAP@50, and mAP@50:95
of 86.1%, 85.3%, 90.5%, and 54.1%, respectively. The simultaneous improvement in preci-
sion and recall indicates that the model achieved a favorable balance between recovering
difficult targets and suppressing false-positive responses, which is important for green-
house phenotyping and flower counting.
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BloomRoseNet also maintained a lightweight structure and real-time inference capa-
bility. The model contained only 2.08 M parameters, occupied 4.5 MB, and reached 134 FPS.
Its stable performance across RTX 4090, RTX 3060, and Intel i7-11800H platforms further
indicates its potential for greenhouse applications with different computing resources.

The same-dataset comparison with Rose-Mamba-YOLO provides the most direct task-
specific benchmark. Rose-Mamba-YOLO introduces Mamba-inspired state-space modeling
and the C3k2_RFCBAM, MDFPC, and CMFPN modules to enhance long-range contextual
representation and multi-scale feature fusion [10]. In contrast, BloomRoseNet uses S2C2f
and AFFM to strengthen lightweight fine-grained feature extraction and the adaptive fu-
sion of high-resolution P3 and P4 features. Under the unified benchmark, BloomRoseNet
achieved higher detection accuracy with fewer parameters and less model storage, indicat-
ing that targeted feature enhancement provides a favorable accuracy—efficiency trade-off
for small rose targets.

Other greenhouse flower-detection systems address related but different operational
requirements. VM-YOLO uses a VMamba-based architecture for clustered strawberry-
flower detection but contains approximately 30 M parameters [69], whereas Wang et
al. [18] combined YOLOv4-Tiny, a ZED 2 stereo camera, and Jetson TX2 for close-range
three-dimensional flower localization. These published results cannot be directly ranked
because they were obtained using different flower species, datasets, hardware platforms,
and evaluation protocols. Nevertheless, they show that BloomRoseNet provides a compar-
atively compact solution for wide-view UAV-based phenotyping rather than close-range
robotic localization.

The current framework remains limited to two-dimensional bounding-box detection,
and its practical performance on embedded platforms such as the Jetson series has not
yet been validated. Future deployment could further integrate visual-inertial localization,
robust flight control, and auto-landing methods to improve image acquisition stability in
repetitive greenhouse environments [70-73]. Overall, the results demonstrate that multi-
source data construction combined with targeted lightweight architectural improvements
is an effective strategy for small-object detection in complex greenhouse scenes.

4.4. Robustness and Practical Applicability

The robustness experiments further strengthen the practical value of the proposed
method. In real greenhouse operation, the image quality is not always stable. Blur may
be caused by slight defocus, motion, or reconstruction imperfection. Occlusion may come
from leaves, stems, neighboring flowers, or cultivation structures. Brightness changes are
also common due to sunlight angle, local shadow, and greenhouse covering materials.
These factors directly affect the visibility of small rose targets.

Under all four perturbation settings, namely Gaussian blur, motion blur, random
occlusion, and brightness variation, all compared models showed performance decline as
the disturbance became stronger. However, BloomRoseNet consistently achieved the best
overall performance and showed a slower degradation trend. This result is meaningful
because it indicates that the proposed method is not only accurate on clean test images, but
also more stable when visual conditions become unfavorable.

This robustness is closely related to both the dataset design and the model design.
On the data side, the supplementary multi-view rose images increased the diversity of
visual patterns seen during training. On the model side, the three proposed modules
improved feature extraction, feature fusion, and final prediction quality. Their joint effect
likely helped the detector preserve more useful information under degraded conditions.
For practical greenhouse monitoring, such stability is highly important, because real data
collection rarely follows ideal imaging conditions.
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4.5. Cross-Source Adaptation on External Rose-Related Flower Datasets

To evaluate the adaptability of BloomRoseNet beyond the GreenHouse Rose dataset,
four public flower image datasets were screened and re-annotated for rose-related object
detection: Flowers Recognition, Rose Detection Dataset, Flower Classification 10 Classes, and
flower-datasets. Images with severe blur, extremely small or ambiguous targets, or duplicate
content were excluded, and only rose-related images were retained. After screening, the
four datasets contained 300, 565, 280, and 275 images, respectively.

To maintain consistency with the main task, all retained images were annotated using
two developmental-stage categories: flower_large for fully opened flowers and flower_small
for buds or early-stage flowers. Each dataset was independently divided into training,
validation, and test subsets at a ratio of 8:1:1. YOLOv12n, YOLOv13n, and BloomRoseNet
were trained separately on the same fixed split of each dataset using an input size of
640 x 640 pixels and the same optimization, augmentation, and training settings as the
main experiments. Therefore, this experiment evaluates dataset-specific adaptation after
retraining rather than direct cross-domain inference.

As shown in Table 9, BloomRoseNet achieved the highest mAP@50 on all four ex-
ternal datasets, outperforming the best baseline by 2.8-3.4 percentage points. On Flowers
Recognition and Rose Detection Dataset, mAP@50 increased from 87.4% to 90.8% and from
88.1% to 91.2%, respectively. These datasets generally contain clearer flower regions and
relatively simple foreground structures, indicating that the proposed modules can improve
localization even under less complex visual conditions.

Table 9. Adaptability evaluation on external rose-related flower datasets under a unified detection

protocol.
Best
Dataset YOLOvI2n YOLOv13n Baseline BloomRoseNet A
Flowers Recognition 87.4 86.9 87.4 90.8 +3.4
Rose Detection 88.1 87.6 88.1 91.2 +3.1
Flower Classification 10 Classes 84.9 85.5 85.5 88.6 +3.1
flower-datasets 86.7 86.1 86.7 89.5 +2.8

Note: The reported values are mAP@50 (%). A denotes the improvement of BloomRoseNet over the best baseline
on each external dataset. The number of retained images varied among datasets because only images suitable for
rose-related flower detection were included. Bold values indicate the best performance in each column.

The retained images from Flower Classification 10 Classes and flower-datasets showed
greater variation in flower color, morphology, viewpoint, scale, and background composi-
tion. Under these more heterogeneous conditions, BloomRoseNet achieved mAP@50 values
of 88.6% and 89.5%, exceeding the best baselines by 3.1 and 2.8 percentage points, respec-
tively. The consistent improvements across all four datasets indicate that the proposed archi-
tecture retains its advantage after adaptation to rose-related images from different sources.

However, these results demonstrate architectural adaptability after target-domain
retraining rather than zero-shot generalization to previously unseen datasets. Changes
in greenhouse structure, illumination, imaging platform, cultivar morphology, and an-
notation criteria may still cause substantial domain shifts. Future work should therefore
include direct cross-domain or leave-one-dataset-out evaluation without retraining to
assess generalization to unseen greenhouses and rose cultivars more rigorously.

4.6. Failure Case Analysis

Although BloomRoseNet achieved strong overall performance, several challenging
cases remained, as shown in Figure 13. All erroneous detections on the complete test
set were manually reviewed and assigned to one dominant cause. Among the 82 iden-
tified failures, 10 were attributed to petal boundary ambiguity (12.2%), 14 to bud-leaf
morphological similarity (17.1%), 25 to greenhouse background interference (30.5%), and
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33 to bud-bloom category ambiguity (40.2%). Thus, category ambiguity and background
interference together accounted for 70.7% of all failures, indicating that fine-grained
developmental-stage discrimination and suppression of confusing background responses
remain the principal bottlenecks.

Petal Boundary Ambiguity Bud-Leaf Morphological Similarity

Labels

Our Results

.

Labels
PSaeas) Lo goe S0 IR EPN _n_ -

Our Results

Figure 13. Failure case analysis of BloomRoseNet in challenging greenhouse rose scenes. The
selected examples include petal boundary ambiguity, bud-leaf morphological similarity, greenhouse
background interference, and bud-bloom category ambiguity. For each case, the ground-truth labels
and the prediction results of BloomRoseNet are shown for comparison.

Petal boundary ambiguity mainly occurred when roses were heavily occluded or
truncated near image boundaries. In such cases, incomplete contours caused inaccurate or
low-confidence bounding boxes, revealing the limitation of rectangular detection for irregu-
lar and partially visible petals. Bud-leaf similarity arose because small buds, reddish young
leaves, and folded leaf tips may share similar color, shape, and texture. Although S2C2f
and AFFM improve fine-grained feature representation, these visually similar reproductive
and vegetative structures remain difficult to distinguish under dense canopies.

Greenhouse background interference was associated with support frames, soil regions,
shadows, reflective surfaces, dense foliage, and small reddish fragments that generated
target-like responses. This problem was further intensified for distant roses because their
weak texture and boundary cues were easily lost in wide-view UAV images. Bud-bloom
category ambiguity was the most frequent error source because rose development is
continuous, whereas the current annotation protocol uses only the two discrete classes
rose_small and rose_large. Partially opened or side-view flowers may contain both bud-like
and bloom-like characteristics, increasing confusion near the class boundary.

These errors also reveal limitations in the current data distribution and task definition.
The primary UAV dataset mainly contains healthy red roses, while the supplementary
multi-view images introduce additional colors and viewpoints but cannot fully represent
cultivars with substantially different petal morphology, bud shape, or canopy structure.
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Pest- and disease-affected roses were also outside the present scope. Consequently, the
current results should not be interpreted as demonstrating uniform performance across all
cultivars, plant-health conditions, or greenhouse environments.

Future work should prioritize failure-oriented data collection, including heavily oc-
cluded roses, reddish leaves, complex greenhouse structures, intermediate flowering stages,
diverse cultivars, and diseased plants. Hard-negative mining may improve background
suppression, while finer phenological labels or a hierarchical detection—classification
scheme could reduce bud-bloom ambiguity. Class-balanced sampling, adaptive loss
weighting, or focal loss may also be considered when more pronounced category imbalance
is encountered.

At the model level, boundary-aware localization, instance segmentation, or mask-
assisted detection could better represent incomplete petal contours, while high-resolution
branches, tile-based inference, and multi-view or temporal information may improve the
detection of distant or occluded targets. Uncertainty-aware classification and confidence
calibration may further reduce overconfident predictions for transitional stages. For multi-
greenhouse deployment, federated learning and image-security methods could support
privacy-preserving model collaboration and data transmission [74-76], while environmen-
tal time-series modeling may complement visual observations in future flowering-dynamics
analysis [77,78].

Overall, the quantitative failure analysis provides targeted guidance for improving
boundary representation, hard-negative learning, small-object enhancement, and fine-
grained rose developmental-stage recognition.

5. Conclusions

This study developed a lightweight and practical framework for rose detection in UAV-
derived greenhouse imagery, with particular emphasis on distinguishing blooming roses
from flower buds under complex cultivation conditions. To address the challenges of small
targets, dense distribution, occlusion, and heterogeneous backgrounds, a multi-source
dataset construction strategy and an improved YOLOv12n-based detector, BloomRoseNet,
were jointly proposed. The GreenHouse Rose dataset, constructed by integrating self-collected
UAV overhead images, screened RoseTracker images, and supplementary multi-view rose
images, improved the diversity of rose appearance and provided a more representative
benchmark for greenhouse rose detection. Experimental results further showed that the
supplementary multi-view data improved precision, recall, and mAP@50, confirming the
value of enhanced data diversity for detecting challenging rose targets, especially small
buds in dense scenes.

Meanwhile, BloomRoseNet achieved the best overall performance among all com-
pared methods. Compared with the baseline YOLOv12n, it improved precision, recall,
mAP@50, and mAP@50:95 by 3.2, 3.3, 3.6, and 1.6 percentage points, respectively, while
reducing the parameter count from 2.55 M to 2.08 M and the model size from 5.5 MB
to 4.5 MB. In addition, the model maintained real-time inference capability and showed
stronger robustness under Gaussian blur, motion blur, random occlusion, and brightness
variation. Overall, the results demonstrate that combining multi-source data construction
with targeted lightweight model improvement is an effective strategy for greenhouse rose
detection in UAV imagery, and that the proposed framework provides useful support for
large-area greenhouse phenotyping and intelligent cultivation management. The applicabil-
ity of BloomRoseNet is currently bounded by greenhouse scenes with imaging conditions
and rose appearances similar to those represented in the training data, while severe occlu-
sion, complex background interference, extremely small distant targets, and ambiguous
transitional flowering stages may still reduce its reliability. Future work will therefore
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focus on improving hard-negative learning, small-object and boundary representation, and
fine-grained recognition of continuous rose developmental stages.
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