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Abstract—To address challenges in detecting Brassica growth
stages in complex environments, this paper proposes DFINE-
BRA, a lightweight detection framework. This study constructed
the BRA dataset, encompassing 19 varieties and 4 growth stages,
and introduced SaMam, an SSM-based augmentation method,
to enhance scene diversity. The architecture integrates an MI-
Block for morphological feature extraction, alongside a CME-
Encoder and CSAM for multi-scale feature aggregation. To
optimize efficiency, knowledge distillation and TensorRT accel-
eration were employed for deployment on the Jetson Orin NX
platform. Experimental results show that DFINE-BRA achieves
an mAP50 of 83.1% on the BRA dataset, representing a 4.6%
improvement over the baseline. Notably, the model reduces
parameters and GFLOPs to 40% and 32% of the original
values, respectively, while achieving a real-time inference speed
of 36 FPS. This study offers an efficient solution for automated
Brassica monitoring on edge devices. The code is available at
https://github.com/Jackbai360/DFINE-BRA.

Index Terms—Brassica Growth Stages, DFINE-BRA, MI-
Block, CME-Encoder, Knowledge Distillation

I. INTRODUCTION

Brassica is a globally significant genus within the Brassi-
caceae family, encompassing diverse cultivars used as veg-
etables, oilseeds, and forage. Human-driven selection since
the Roman era has produced immense interspecies diversity
[1]-[3], making accurate growth stage identification essential
for precision management and optimal harvesting. However,
genetic breeding still relies on subjective, inefficient manual
labeling, which is prone to data loss. This study leverages deep
learning to develop an efficient, real-time system for precise
Brassica growth stage monitoring.

To accurately identify crop growth stages and improve
maturity detection precision, traditional research has largely
relied on hand-crafted features and machine learning. For
instance, studies have employed PCA for color-based clas-
sification of oil palm [4], a two-stage SVM-KNN strategy for
blueberry maturity [5], and discriminant analysis for apricot
fruit ripeness [6]. While these methods advanced detection
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technology, they rely on manually designed features that strug-
gle to capture deep representations, resulting in insufficient
generalization in complex natural environments.

To address these challenges, researchers have focused on
constructing scene specific datasets to improve recognition.
Recent works developed specialized datasets for grapes cov-
ering multiple growth stages [7], strawberries across diverse
climates [8], and nocturnal blueberry harvesting via illumi-
nation enhancement [9]. Despite these efforts, such methods
typically incur high collection and annotation costs and lack
the flexibility to adapt to highly volatile climatic conditions.

Deep learning has further pushed the boundaries of growth
stage detection. Modern approaches include the lightweight
YOLO-fungi model [10], a hybrid YOLOvI12 based neu-
ral network for tomato detection on smartphones [11], and
an efficient scale-aware RT-DETR model for pomegranate
recognition [12]. However, these models often face a trade-
off: lightweight architectures are frequently not validated on
resource-constrained edge devices, while high-performance
Transformer-based models suffer from substantial computa-
tional overhead that hinders continuous, real-time monitoring.

Modern research struggles to balance high performance
with lightweight design, while existing methods often lack
adaptability to specific scene variations due to data con-
straints. Consequently, enhancing model robustness against
environmental changes and balancing architectural efficiency
remain critical challenges for automated Brassica monitoring.
To address this, we propose a detection model based on D-
FINE [13] for real-time, accurate growth stage tracking. Our
main contributions are:

e To address the issue of insufficient scene coverage, the
SaMam image augmentation method is introduced to
simulate feature-level environmental interference, com-
plementing the newly constructed BRA dataset which
encompasses 76 categories across 19 Brassica varieties
and 4 growth stages.

o The DFINE-BRA algorithm is proposed to enhance mor-
phological feature extraction and capture complex growth
variations. By integrating the MI-Block, CME-Encoder,
and CSAM, the model significantly strengthens multi-
scale feature representation and cross-level interaction.



o To balance lightweight deployment and detection ac-
curacy, a logits-based knowledge distillation strategy is
adopted, substantially reducing parameters and computa-
tional overhead. Combined with TensorRT optimization,
real-time monitoring is achieved on the Jetson Orin NX
platform.

II. MATERIALS AND DATASET
A. Data Acquisition

Experimental samples for this study were collected from the
Experimental Demonstration Farm of the Shenzhen Agricul-
tural Technology Promotion Center and various online plat-
forms. Based on phylogenetic relationships [3] and following
variety identification by on-site experts, a total of 16 varieties
of Chinese Cabbage (Brassica pekinensis), 2 varieties of Chi-
nese Kale (Brassica oleracea), and 1 variety of Leaf Mustard
(Brassica juncea) were selected as data sources. Each variety
covers four critical growth stages: seedling, growing, bolting,
and flowering; specific variety names are detailed in Fig. 1.
To enhance generalization, the dataset comprises 1920 x 1080
RGB and video-extracted images of Brassica samples captured
from three perspectives (front, 45° oblique, and top-down)
across diverse indoor and outdoor environments.

Fig. 1. Phylogenetic tree of brassica species.

The Brassica varieties and growth stages were annotated
using the X-AnyLabeling [14] tool. Upon completion of the
annotation, label files were exported in COCO JSON format,
totaling 3,816 initial images. The dataset was subsequently
partitioned into training, validation, and test sets according to
an 8:1:1 ratio. Following this, SaMam was applied to perform
a 4-fold style transfer augmentation for each set.

B. Data Augmentation

To enhance the model’s generalization and robustness in
complex natural environments, this study introduces the Style-
aware Mamba (SaMam) [15], a style-aware encoder-decoder
architecture, to perform style transfer-driven data augmenta-
tion on the Brassica growth stage dataset; the underlying prin-
ciple is illustrated in Fig. 2. Specifically, the Mamba encoder
first extracts content features from the Brassica images, while a
series of representative weather style images (e.g., dust storm,

cloudy, rainy, foggy) are selected as style inputs to extract
style embeddings. During the decoding phase, the Style-aware
Visual State Space Module (SAVSSM) dynamically generates
style-related state-space parameters to achieve adaptive modu-
lation of content features by style information. Built upon the
Mamba State Space Model (SSM) [16], SaMam leverages the
advantages of linear computational complexity and a global
effective receptive field. This allows it to efficiently transfer
diverse stylistic features to target images while preserving
structural integrity, effectively simulating scene variations of
Brassica species under different weather conditions without
requiring re-annotation, thereby significantly reducing the
workload.
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Fig. 2. Schematic illustration of SaMam image augmentation [15].
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III. THE PROPOSED DFINE-BRA METHOD
A. DFINE-BRA

While D-FINE was originally designed for general object
detection, this study introduces targeted improvements to the
DFINE-S version to meet the specific requirements of Brassica
growth stage detection, resulting in the DFINE-BRA, whose
structure is illustrated in Fig. 3. The backbone replaces the
original HG-Blocks with MI-Blocks, which leverage multi-
branch structures and depthwise separable convolutions to
enable the efficient parallel extraction and semantic fusion of
multi-scale features, such as leaf textures and inflorescence
morphology. Additionally, to counteract the loss of sensitivity
toward critical morphological features in deeper layers, an in-
novative Cascaded Multi-scale Enhancement Encoder (CME-
Encoder) replaces the original encoder. Utilizing progressive
feature diffusion strategies, the CME-Encoder effectively fuses
multi-scale features from low to high levels, preserving fine
edge details while strengthening the modeling of global plant
architecture and spatial context.

B. MI-Block

The backbone network of the original D-FINE, HGNetv2
[17], relies on its core component, the HG-Block, which
utilizes static convolutional kernels and lacks the capac-
ity to perceive temporal morphological transitions. The MI-
Block integrates a multi-gradient flow synergistic enhancement
mechanism with the efficient multi-scale [18] and structural
optimization concepts of InceptionNeXt [19], constructing a
feature extraction unit that excels in both semantic hierarchy
representation and computational efficiency. The structure is
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Fig. 3. Overall architecture of DFINE-BRA.

shown in Fig. 4. Specifically, it employs convolutions for
cross-channel feature recalibration and dimensionality reduc-
tion, combined with depthwise separable convolutions to
maintain spatial feature extraction capabilities while mini-
mizing parameter count. Furthermore, multi-level cascading
and shortcut connections are utilized to facilitate gradient
flow and feature reuse. This design not only introduces rich
feature interactions along the path from input to output but
also enhances gradient diversity through structural differences
between branches, thereby achieving more thorough and stable
optimization during training. As shown in Fig. 5, the improved
MI-Block achieves clearer extraction of Brassica leaf edges
and veins, while also strengthening the differentiation between
the background and crop contours during the bolting and
flowering stages.
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Fig. 4. Structure of the MI-Block.
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Fig. 5. Featuremap visualization (Demonstrating differences in feature
extraction capabilities.)

C. CME-Encoder

To enhance multi-scale representation and cross-level inter-
action for Brassica growth detection, this study designs the
Cascaded Multi-scale Enhancement Encoder (CME-Encoder).
Traditional FPN and PANet-based encoders rely on linear
paths with limited interaction depth, struggling to achieve
sufficient nonlinear fusion between shallow details and deep
semantics. This bottleneck hinders the representation of ob-
jects with varying sizes and ambiguous morphologies, such as
stamens.

seedling growin

bolting

flowering

Fig. 6. Heatmap visualization (Representing differences in model attention
focus areas.)

To overcome this bottleneck, the CME-Encoder introduces
a Cross-Scale Aggregation Module (CSAM). Through an iter-
ative bidirectional feature refinement mechanism, it achieves
deeper and more efficient integration of multi-scale features.
As illustrated in Fig. 6, this approach effectively enhances
the model’s ability to focus on key morphological features,
such as leaves and flowers. Furthermore, it further strengthens
the global spatial modeling capability of the plant, enabling
the model to ignore various interferences within the complex
scene.

D. CSAM

In the CME-Encoder architecture, the Cross-Scale Aggre-
gation Module (CSAM) serves as the core innovative unit.
It employs an Inception-style design to enhance input features
across multiple receptive fields, as shown in Fig. 7, specifically
tailored to process features from three distinct scales: P3,P4,

and P5.
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Fig. 7. Structure of the CSAM.



CSAM begins by partitioning the input feature maps. Since
features at different scales exhibit significant disparities in
spatial dimensions, an alignment process is first performed.
The P3 layer features, which possess the strongest semantic
information but lack fine details, are downsampled via convo-
lution to achieve spatial alignment. The P4 layer features are
processed directly through a convolutional layer. Conversely,
the P5 layer features, which contain the richest spatial detail
but have a higher resolution, are first upsampled to twice their
size and then passed through a 1 x 1 convolution to adjust
the channel dimensions, matching the target fusion scale.
Subsequently, these processed features are concatenated and
further refined by a set of depthwise separable convolutions
with varying kernel sizes to extract multi-scale characteristics.
Its core computational form can be expressed as (1):

Fou = Fin + (Zm) * Fn+ Y 6. (1

sES sES

Here, W, represents convolutional kernels of different
sizes(S = 5,7,9,11), J, is the corresponding offset. Fj, de-
notes the input feature maps, Foy represents the concatenated
feature mapping and the resulting fused output feature. By
utilizing parallel convolutional operations with varying recep-
tive fields, this structure simultaneously captures local details
and global contextual information, ensuring that target features
are fully extracted across different scales. The application of
depthwise separable convolutions also substantially reduces
computational overhead.

IV. EXPERIMENTAL RESULTS AND ANALYSIS
A. Experimental Setup

The experimental setup is shown in Table I.

TABLE I
EXPERIMENTAL ENVIRONMENT CONFIGURATION

Category Configuration Category Configuration
System Ubuntu 22.04 PyTorch 2.8.0

CPU AMD EPYC 7K62 Python 3.10

GPU NVIDIA RTX 4090 CUDA 12.8

VRAM 48 GB Image size 640 x 640
RAM 512 GB Optimizer AdamW
Batch Size 8 Learning Rate  0.0002
Epochs 160 Weight Decay  0.0001

B. Evaluation Indicators

This study employs GFLOPs (Giga Floating Point Op-
erations), Params (number of model parameters), and mAP
(mean Average Precision) at Intersection over Union (IoU)
thresholds of 0.5, 0.75, and 0.5-0.95 as evaluation metrics.
Lower GFLOPs and Params values indicate lower compu-
tational overhead, making the model suitable for resource-
constrained edge deployment. Conversely, higher mAP values
indicate superior detection performance at the corresponding
IoU thresholds. (2)-(5) present the specific formulas.
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C. Ablation Experiment

To validate the proposed modules’ effectiveness, ablation
studies were conducted based on the DFINE-S model, using
HGNetv2 as the backbone network. Different module config-
urations were compared by adding or removing specific com-
ponents stepwise. The experimental results are summarized in
Table II.

TABLE 11
ABLATION STUDY RESULTS ON THE BRA TEST SET

Model HGNetv2 MI-Block CSAM Params GFLOPs mAP50
DFINE-S v 10.2M 25.2 0.785
+MI-Block v v 13.1M 30.0 0.790
+CSAM v v 12.0M 32.1 0.816
DFINE-BRA v v v 14.9M 37.3 0.823

As shown in Table II, the MI-Block enables more precise
capture of subtle Brassica variety features, enhancing the
backbone ability to distinguish between different varieties and
growth stages in complex scenarios, resulting in a 1.5% in-
crease in mAP50. By synchronously fusing adjacent and intra-
layer features, the CSAM achieves dynamic integration of
cross-scale information, effectively replenishing spatial details
missing in shallow features. Ultimately, the overall model
achieves an mAPS50 of 82.3% with an increase of around 46%
in parameter count.

D. Comparative Experiments

To comprehensively validate the effectiveness and gener-
alization capability of the proposed DFINE-BRA algorithm,
this study conducted a series of comparative experiments on
the BRA and COCO2017 [20] datasets. The performance of
DFINE-BRA was evaluated against current mainstream algo-
rithms, including Conditional-DETR [21], Deformable-DETR
[22], RT-DETR [17], RT-DETRv2 [23], and the YOLOv11
[24], YOLOv12 [25], and YOLOvV13 [26] series.

As shown in Table III and Table IV, compared with other
models of the same DETR architecture, DFINE-BRA achieves
the highest detection accuracy while maintaining the mini-
mum number of parameters and computational cost. Although
DFINE-BRA has a slightly higher computational overhead
compared to the YOLO series models, the performance im-
provements it provides are significant enough to compensate
for this drawback. Under the more stringent metric, DFINE-
BRA reaches 68.1% on the self-built dataset and 49.1% on the



TABLE III
COMPARATIVE EXPERIMENTS ON THE BRA TEST SET

Model Params GFLOPs mAP50 mAP75 mAP50-95
Conditional-DETR  44.0M 195.0 0.794  0.703 0.630
Deformable-DETR  40.0M 173.0 0.781  0.710 0.612
RT-DETR-R18 20.0M 60.0 0.720  0.672 0.584
RT-DETRvV2-S 20.0M 60.0 0.808  0.729 0.650
YOLOI11-S 9.4M 21.5 0.783  0.696 0.625
YOLOv12-S 9.3M 214 0.764  0.699 0.621
YOLOv13-S 9.0M 20.8 0.805  0.732 0.645
D-FINE-S 10.2M 25.2 0.785  0.719 0.646
DFINE-BRA(Ours) 14.9M 373 0.823  0.762 0.681
TABLE IV

COMPARATIVE EXPERIMENTS ON THE COCO2017 VALIDATION SET

Model Params GFLOPs APY@  APY  APW
Conditional- DETR ~ 44.0M 1950 0654 0485 0451
Deformable-DETR ~ 40.0M 1730 0652 0500 0462
RT-DETR-RI18 20.0M 60.0 0.638  0.504  0.465
RT-DETRv2-S 20.0M 60.0 0.651 0521 0481
YOLO11-S 9.4M 21.5 0.634 0503 0466
YOLOvI2-S 9.3M 21.4 0.642 0510 0471
YOLOv13-S 9.0M 20.8 0.652 0520 0480
D-FINE-S 10.2M 252 0.656 0.526  0.485
DFINE-BRA(Ours)  14.9M 373 0.661 0533  0.491

COCO02017 dataset, outperforming all comparison models and
demonstrating superior detection precision and robustness.
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Fig. 8. Comparison of recognition capabilities among typical object detection
algorithms.

As illustrated in Fig. 8, compared to the original D-
FINE and RT-DETRv2 models, DFINE-BRA demonstrates
stronger feature extraction and recognition capabilities across
the growth stages of Brassica crops, effectively reducing
bounding box overlap. While it slightly trails CNN-based
YOLO models in certain scenarios, DFINE-BRA outperforms
YOLO during the bolting and flowering stages, where plant
phenotypic features are more abundant, achieving higher
prediction accuracy. This highlights the effectiveness of the
proposed improvements.

V. LIGHTWEIGHT DESIGN AND DEPLOYMENT

A. Knowledge Distillation

Knowledge distillation (KD) enhances student model perfor-
mance by using teacher outputs as supervisory signals [27]. In
object detection, this process primarily involves classification
and bounding box distillation, employing binary classification
and IoU-based localization losses, respectively. The distillation
loss is calculated using (6) to (11).

Loce (05,95 ;) = — [(1 = pi ;) log (1 —p; ;) +pi log (5 ;)

(6)
n K
LR (x) = Z Z Lace (95,75 ;) )
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Sllg :ZZwJ‘CBCE pz]apzj) (9)
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L858 (x) Zmax w; ;) (1 —ul), (10)
Lpckp(x) = 041531‘3( )+ asLi(x). (11)

The knowledge distillation process is governed by the
BCKD loss, which selectively transfers expertise from the
teacher to the student by focusing on prediction gaps. Specifi-
cally, the classification distillation loss £35(x) is defined as a
sum of Binary Cross-Entropy (BCE) terms weighted by w; ;,
an approach that forces the student to prioritize learning from
samples where its predictions significantly deviate from the
teacher’s soft targets. To further refine spatial precision, the
localization distillation loss £ (x) incorporates the maximum
discrepancy max;(w; ;) to scale the localization error (1—uj),
ensuring that regions with high classification uncertainty re-
ceive stronger structural supervision. The final objective is a
multi-task formulation, Lpckp(x), which provides a balanced
optimization signal for both categorical accuracy and bounding

box/pixel-level alignment.

B. Embedded Deployment

To validate the deployment of DFINE-BRA, this study
utilized the NVIDIA Jetson Orin NX (16GB) under Ubuntu
22.04 using NVIDIA TensorRT. The trained PyTorch model
was converted to ONNX and optimized via C++ TensorRT
to build an efficient inference engine. Benchmarking was
conducted in FP32 precision with a batch size of 1.

This study evaluates the performance of the model after
lightweight optimization in terms of detection accuracy and
inference speed based on the BRA dataset. The experimental
results are shown in Fig. 9. Compared to the original teacher
model DFINE-BRA, the distilled student model DFINE-
BRA(KD), with a lighter network structure, achieves a 0.8%
increase in mAP50 while reducing the parameter count by 72%
and GFLOPs by 78%. On the Jetson Orin NX, the accelerated
KD+TensorRT model achieves a single-frame inference time
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Fig. 9. Performance comparison after knowledge distillation and TensorRT
acceleration (The vertical axis presented in logarithmic scale.)

of 27.9 ms, an 52.7 ms reduction compared to the non-
accelerated DFINE-BRA(KD) model, resulting in a frame
rate of 35.9 FPS. This fulfills the requirements for real-time
detection without sacrificing accuracy. The final model size
is only 15% of the original DFINE-S model, demonstrating
the superior deployment advantages of the proposed model on
embedded platforms.

VI. CONCLUSION

To address the demand for automated growth stage detection
in Brassica crops, this study presents a lightweight deploy-
ment solution. By integrating SaMam for scene enrichment,
the MI-Block for morphological feature extraction, and the
CME-Encoder for enhanced cross-level feature fusion, the
proposed framework achieves superior detection performance.
Optimized via knowledge distillation and TensorRT, the model
became significantly lighter and faster. Achieving real-time
speeds, the algorithm demonstrates significant potential for
deployment on edge devices like agricultural UAVs. Future
work will focus on optimizing detection capabilities for dense
scenarios and small targets in large-scale cultivation environ-
ments, such as breeding factories and open fields, to further
expand the application scenarios of the algorithm.
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