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Abstract

Accurate, high-throughput quantification of rice panicles is important for yield estimation
and breeding-oriented rice phenotyping. However, unmanned aerial vehicle (UAV)-based
panicle detection remains challenging because flight-altitude variation produces large
target-scale changes. Flooded paddy backgrounds, leaf occlusion, and illumination fluctua-
tions further obscure small panicle targets. To address these challenges, we constructed a
composite multi-altitude dataset covering UAV imagery acquired from 3 to 20 m under
varying field conditions. We then propose Panicle-DETR, a lightweight detection and count-
ing framework based on a frequency-aware Cross Stage Partial (CSP) backbone. Rather than
treating the Fast Fourier Transform (FFT) as a filter by itself, the proposed FasterFD module
uses frequency-domain representations with learnable frequency-response reweighting
to enhance panicle-related texture cues and reduce redundant background responses. A
Lossless Feature Encoder is designed to preserve fine spatial information for small targets
across altitude-induced scale changes, while a composite metric loss based on Normalized
Gaussian Wasserstein Distance (NWD) and Inner-IoU improves localization for adherent
and overlapping panicle clusters. On the composite dataset, Panicle-DETR achieved a
Precision of 90.97%, a Mean Absolute Error of 4.28, and an R2 of 0.957 for single-frame
panicle counting. With 13.78 M parameters and 53.0 GFLOPs, the framework achieved
16.9 FPS with 1.96 GB peak GPU memory in a battery-powered notebook benchmark,
supporting its potential for resource-constrained field-side UAV image analysis.

Keywords: precision agriculture; UAV remote sensing; rice panicle counting; high-
throughput phenotyping; resource-constrained inference; object detection

1. Introduction
Rice is one of the world’s most important staple crops and supports food security,

rural employment, and a broad range of domestic and industrial uses. At the field scale,
panicle density and spatial distribution are key agronomic traits associated with final
yield formation. Accurate, high-throughput quantification of rice panicles is therefore
important for yield estimation, variety screening, and breeding-oriented phenotyping [1,2].
Compared with satellite imagery, unmanned aerial vehicle (UAV) remote sensing can
provide higher spatial resolution, flexible flight-altitude control, and growth-stage-specific
field observations, making it useful for panicle-level phenotyping [3,4]. Satellite platforms
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remain valuable for large-area and long-term monitoring, but their spatial resolution, cloud
sensitivity, and revisit constraints limit direct detection of small panicle targets in dense
canopies [5].

However, UAV-based phenotyping has several practical constraints. Many studies
still follow a “capture-and-process” workflow in which large image files are transferred to
ground workstations for offline analysis [6,7]. This workflow can delay field decisions and
increase data-transfer demands. Timely phenotyping therefore requires models that can run
on resource-constrained field-side hardware while preserving accuracy under open-field
imaging conditions [8]. UAV platforms also introduce acquisition-level uncertainty. Flight
altitude can vary because of wind, terrain, battery constraints, inspection needs, and opera-
tor control, changing the apparent panicle scale within and across missions. Low-altitude
flights may provide more detail but also narrow the field of view and increase sensitivity to
rotor-induced motion blur, wind-driven plant movement, and partial occlusion. In flooded
paddies, leaf occlusion, water-surface reflection, and changing illumination further ob-
scure small panicle targets [9,10]. These factors limit the direct transfer of laboratory or
benchmark detectors to UAV-based rice phenotyping.

Deep learning has reduced reliance on manual feature engineering in crop pheno-
typing. Convolutional neural networks (CNNs) have been used for agricultural detection
tasks including multi-scale weed detection [11] and crop maturity evaluation with artificial
intelligence (AI) and remote sensing [12]. Early panicle-detection studies used two-stage
models; for example, Zhang et al. [13] improved Faster Region-based Convolutional Neural
Network (Faster R-CNN) with multi-scale feature fusion. More recent work has empha-
sized lightweight one-stage detectors for UAV applications. Comparative studies have
evaluated You Only Look Once (YOLO) variants under constrained UAV image datasets
for yield estimation [14] and have adapted these models to lighting variation and environ-
mental noise [15]. Related architectures, including EfficientNet-based OE-YOLO [16] and
DRPU-YOLO11 [17], were developed for complex in-field backgrounds. Recent detectors
such as YOLOv10 aim to reduce post-processing by eliminating non-maximum suppression
(NMS) [18]. Other studies address operational constraints through multi-altitude scale
modeling [19], knowledge distillation for lightweight deployment [20], rotated bounding
boxes for inclined panicles [21], enhanced feature fusion for counting [22], and multi-
scale enhancement for complex backgrounds [23]. These developments indicate clear
progress, but efficient panicle detection remains difficult in dense canopies and field robotic
settings [24].

Despite these advances, CNN-based detectors remain limited by their dependence
on local receptive fields. This can make it difficult to separate panicles from background
vegetation during late growth stages, especially when adhesion and leaf occlusion are
present [25,26]. Transformer-based detectors provide an alternative because they model
longer-range dependencies. Detection Transformer (DETR) [27] reformulates object de-
tection as a set prediction problem, and the Real-Time Detection Transformer (RT-DETR)
family [28] improves inference efficiency with a hybrid encoder. However, their use in
resource-constrained agricultural phenotyping remains less explored than YOLO-style de-
tectors. Hybrid CNN-Transformer methods have shown value in agricultural segmentation
and detection [29]. Their direct application to UAV panicle imagery still faces two practical
issues: fine panicle textures can be weakened by background noise, and downsampling
can reduce the already small pixel footprint of high-altitude targets.

To address the combined requirements of detection accuracy, multi-altitude robustness,
and deployment-oriented efficiency, this paper proposes an end-to-end precision phenotyp-
ing framework: Panicle-DETR. Designed for complex field environments and multi-altitude
UAV operations, the lightweight framework introduces three core engineering components:
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• FasterFD (Frequency-Aware CSP Backbone): This backbone retains the Cross Stage
Partial (CSP) hierarchy of YOLO-style networks and replaces standard bottlenecks
with C2f-FasterFD modules. By combining Partial Convolution (PConv) with Fre-
quency Dynamic Convolution (FDConv), it introduces learnable frequency-response
reweighting to emphasize panicle-related texture cues while controlling computa-
tional cost.

• LFE (Lossless Feature Encoder): This encoder integrates Space-to-Depth mapping
with bidirectional feature pyramids to preserve fine spatial information during cross-
scale fusion, especially for small panicles captured from higher UAV altitudes.

• Composite Metric Loss: This loss combines Normalized Gaussian Wasserstein Dis-
tance (NWD) and Inner Intersection over Union (Inner-IoU) to improve bounding box
regression for dense and overlapping panicle clusters without adding inference-time
computation.

2. Materials and Methods
2.1. Study Area and Data Preparation

To evaluate rice panicle detection across UAV flight altitudes, this study constructed a
Composite Multi-Altitude Rice Panicle Dataset. The dataset combines a public benchmark
with supplementary 3 m UAV images collected for this work, covering image patches from
3 m to 20 m flight altitudes.

The public component was derived from the Diverse Rice Panicle Detection (DRPD)
dataset published by Teng et al. [30]. The DRPD images were acquired using a DJI M300
UAV (DJI, Shenzhen, China) equipped with a Zenmuse P1 imaging sensor (DJI, Shen-
zhen, China). Based on the label files used in this study, the DRPD subset contributed
5369 high-resolution image patches (512 × 512 pixels), covering 229 rice varieties across
four growth stages from initial heading to mid-grain filling. It contains images captured
at 7 m, 12 m, and 20 m flight altitudes, with ground sampling distance (GSD) ranging
from approximately 0.08 to 0.25 cm/pixel. This subset provides 259,452 annotated panicle
instances for evaluating detection across cultivars, growth stages, and imaging conditions.

Because medium- and high-altitude images do not cover all field inspection scenarios,
we added a supplementary low-altitude dataset. Image acquisition was conducted in
July 2025 at the Gannan Red Seed Industry Rice Research Base (Ganzhou City, Jiangxi
Province, China), as illustrated in Figure 1. The supplementary data were collected with a
consumer-grade lightweight UAV (DJI Mini 3; DJI, Shenzhen, China) at a nominal altitude
of approximately 3 m. This setting was used to provide lower-altitude panicle appearances
and sensor conditions that differ from those in the DRPD dataset.

To standardize spatial dimensions and prepare raw UAV imagery for network in-
gestion, a systematic data processing pipeline was established, as illustrated in Figure 2.
The raw ultra-low-altitude images acquired by the DJI Mini 3 were not downscaled be-
fore patch generation. Instead, fixed-size 512 × 512 pixel patches were extracted from
the native-resolution images using a sliding-window strategy, ensuring dimensional con-
sistency with the DRPD dataset while preserving the original pixel values during patch
extraction. No interpolation or resampling was applied during this patch extraction step.
During model training and inference, all patches were resized to 640 × 640 pixels using
bilinear interpolation to match the network input size.
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Figure 1. Overview of the study area and UAV data acquisition. (a) Geographic location of the
Gannan Red Seed Industry Rice Research Base in Jiangxi, China. The maps are displayed with
longitude–latitude graticules in the WGS 84 geographic coordinate system (EPSG:4326). (b) Actual
field conditions during the rice heading stage. (c) The DJI Mini 3 UAV used for 3 m ultra-low-altitude
image acquisition.

Figure 2. Workflow of the composite multi-altitude dataset construction.

Subsequently, a quality filtering process was applied to discard invalid patches suf-
fering from severe rotor-induced airflow blur or lacking panicle targets. A patch was
excluded when rice panicles were visually unidentifiable because of strong motion blur,
when the image contained no visible panicle target, or when the frame was dominated
by non-field regions. To make this manual quality-control step auditable, two annotators
independently screened the ultra-low-altitude patches and resolved disagreements by joint
review. Among 682 candidate 3 m patches generated after automatic sliding-window patch
extraction, 36 patches (5.3%) were excluded during quality filtering.

Following the filtering phase, 646 ultra-low-altitude image patches were retained.
These patches were manually annotated with LabelImg software. To maintain cross-dataset
compatibility, the annotation protocol followed the bounding box definitions used in the
public dataset.

The 3 m patches were then combined with the 7 m, 12 m, and 20 m DRPD subsets.
The DRPD label files contained 259,452 annotated panicle boxes, and the supplementary
3 m annotations contributed 10,435 boxes. The final Composite Multi-Altitude Dataset
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therefore contains 6015 image patches and 269,887 annotated panicle instances. The dataset
was divided into training, validation, and test sets according to the retained DRPD label
partition and the supplementary 3 m image split, resulting in 3739, 602, and 1674 images,
respectively. The per-altitude image distribution and corresponding panicle-instance totals
are summarized in Table 1. This design allows model evaluation under controlled altitude
variation, although it does not reproduce every source of variability encountered during
continuous UAV flight.

Table 1. Composite dataset split with altitude-stratified image counts and panicle-instance totals.

Subset
Images by Altitude

Total Boxes
3 m 7 m 12 m 20 m

Training 517 2286 602 334 3739 163,906
Validation 65 381 100 56 602 27,503
Test 64 1140 302 168 1674 78,478

Total 646 3807 1004 558 6015 269,887

To reduce overfitting and expose the model to common appearance variation, online
data augmentation was applied during training, as illustrated in Figure 3. Random horizon-
tal and vertical flipping simulated changes in UAV flight heading. Stochastic perturbations
of brightness, contrast, and saturation simulated illumination variation. Gaussian noise was
added to approximate sensor noise. These augmentations were used only during training.

Figure 3. Examples of data augmentation strategies used in this study. (a) Geometric transformation
(flipping); (b) Photometric distortion (brightness/contrast adjustment); (c) Noise injection.

2.2. Panicle-DETR Network Framework
2.2.1. Overall Network Architecture

Panicle-DETR was designed for rice panicle detection under multi-altitude UAV imag-
ing, dense occlusion, and resource-constrained field-side inference. The overall architecture
is illustrated in Figure 4.
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Figure 4. The overall network architecture of the proposed Panicle-DETR framework.

The framework uses RT-DETR-r18 as the baseline because it provides an end-to-end
detection structure and avoids NMS post-processing. YOLO-family models can be efficient,
but their convolutional feature extractors mainly rely on local spatial operations. In dense
rice canopies, local texture alone may be insufficient to distinguish adjacent adherent pani-
cles from leaves and background. The Transformer component in RT-DETR-r18 provides
longer-range contextual modeling, which is useful for densely packed agricultural targets.

The RT-DETR-r18 baseline still has limitations for agricultural aerial imagery. It can
fail to represent fine textures of small objects, and heavier backbones increase computa-
tional cost. Panicle-DETR therefore replaces the conventional backbone with a customized
YOLO-style Cross Stage Partial (CSP) network. Rather than relying only on spatial con-
volutions, the framework routes image features through a frequency-aware backbone in
which learnable frequency-domain reweighting enhances panicle-related texture responses
and reduces redundant background responses. The refined features are then passed to the
Lossless Feature Encoder (LFE), which propagates spatial information across scales while
reducing the information loss associated with strided downsampling. The decoder and
detection head then produce end-to-end panicle predictions.

2.2.2. FasterFD: Frequency-Aware CSP Feature Extraction Backbone

In complex background images captured by low-altitude UAVs, rice panicles often
show fine textures and blurred edges. Standard spatial-domain convolutions may under-
use this textural information. Mature rice panicles can contain high-frequency grayscale
variation relative to smoother background regions such as flooded soil, water surfaces,
and mature leaves.

To address this issue while considering computational efficiency, we designed the
FasterFD backbone. At the macro-architectural level, FasterFD follows the Cross Stage
Partial hierarchy used in YOLO-style networks. It downsamples spatial features with
strided convolutions to generate a five-level multi-scale representation from P1 to P5.
Standard C2f modules rely mainly on spatial convolutions, which may be inefficient when
many background responses are weakly informative for panicle detection.
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We therefore introduce a micro-architectural modification. As illustrated in Figure 5,
standard C2f modules are replaced with C2f-FasterFD modules. This design combines
the partial-channel computation strategy of FasterNet [31] with learnable frequency-
response modulation.

Figure 5. Schematic diagram of the C2f-FasterFD module, illustrating the integration of Partial
Convolution (PConv) and Frequency Dynamic Convolution (FDConv).

The architecture of the C2f-FasterFD module follows two principles. The first is partial
channel processing. Within the bottleneck structure, an input feature map X ∈ RC×H×W is
partitioned along the channel dimension using a split ratio of r = 4. This produces an active
subset Xactive ∈ R C

r ×H×W and an unmodified identity subset Xidentity, thereby reducing the
number of channels processed by the more expensive operation.

The second principle focuses on frequency-aware feature modulation. For the active
channel subset, we replace the traditional 3× 3 spatial convolution with frequency dynamic
convolution [32]. The Fast Fourier Transform (FFT) itself is only a domain transformation
and does not perform filtering on its own. In C2f-FasterFD, the filtering effect is instead
produced by the learnable frequency-domain weight matrix, which reweights frequency
components after projection and before inverse transformation. This design broadens
the effective receptive field and enables the network to emphasize panicle-related texture
responses while reducing redundant smooth background responses. Mathematically,
the forward pass for the active channel subset is defined as:

X′
active = F−1(K ⊙F (Xactive)) (1)

In this formulation, F (·) and F−1(·) denote the mapping to the frequency domain
and its inverse. The operator ⊙ denotes the Hadamard product in the frequency domain,
modulated by K, a learnable complex-valued weight matrix. Thus, FFT exposes frequency
components, whereas the adaptive weighting matrix determines which components are
strengthened or suppressed. Integrating this projection into the YOLO-style hierarchy
is intended to improve texture sensitivity while keeping computational cost within a
resource-constrained range.

2.2.3. LFE: Lossless Feature Encoder

Multi-altitude UAV surveys from 3 m to 20 m create large changes in panicle scale.
Agricultural micro-target detection is affected by a spatial-semantic trade-off: early network
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layers retain textural and geometric detail but provide limited context, whereas deeper
layers encode stronger semantics after spatial resolution has been reduced.

Conventional feature pyramids may not fully bridge this trade-off. Standard strided
downsampling operations (Stride-2 Conv) reduce the pixel footprint of high-altitude targets,
which can weaken features for micro-panicles spanning only a small number of pixels.

To reduce this imbalance, this study proposes the Lossless Feature Encoder (LFE).
This module reconstructs the cross-scale feature flow by combining the bidirectional topol-
ogy and fast normalized weighted fusion of the Bidirectional Feature Pyramid Network
(BiFPN) [33] (Figure 6a). The fusion weights are adjusted according to the contribution of
input features, allowing shallow texture-rich layers to contribute to multi-scale prediction.

Figure 6. The core components of the Lossless Feature Encoder (LFE). (a) Schematic diagram of the
BiFPN structure, establishing bidirectional cross-scale connections; (b) Illustration of the Space-to-
Depth Convolution (SPDConv) downsampling process, which reduces resolution while preserving
spatial information by slicing spatial dimensions into the channel axis.

To reduce spatial information loss during pyramid construction, we embed Space-
to-Depth Convolution (SPDConv) [34] into the cross-scale downsampling paths of the
LFE. As shown in Figure 6b, SPDConv rearranges spatial information into the channel
dimension through a slicing operation. For an input feature map X of size S × S × Cin,
it is transformed into an output feature map X′ of size S/2 × S/2 × 4Cin. The mapping
relationship is defined as:

X′
x,y = [X2x,2y, X2x+1,2y, X2x,2y+1, X2x+1,2y+1] (2)
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In summary, the LFE combines adaptive BiFPN fusion with spatial-preserving SPD-
Conv downsampling. This design helps transmit fine panicle textures from high-altitude
images into deeper semantic features and supports multi-scale detection under UAV alti-
tude variation.

2.2.4. Adjustment of the Loss Function

In densely planted paddies, occlusion and morphological overlap among small pan-
icles can weaken the optimization signal from traditional Intersection over Union (IoU)
loss. First, non-overlapping bounding boxes yield a zero IoU. Second, small positional
deviations in micro-targets can cause large IoU changes. We therefore used a composite
regression loss that combines metric learning and auxiliary bounding boxes.

1. Normalized Wasserstein Distance Loss

First, to reduce the sensitivity of small-object regression to positional deviations, we
introduce the NWD loss [35]. Unlike the traditional IoU calculation based on geometric
overlap, NWD models the bounding box B = (cx, cy, w, h) as a 2D Gaussian distribution
N (µ, Σ). The mean vector µ and the covariance matrix Σ are defined as:

µ =

[
cx

cy

]
, Σ =

[
w2

4 0
0 h2

4

]
(3)

The NWD loss is constructed from the second-order Wasserstein distance W2
2 between

the predicted distribution Np and the ground-truth distribution Ng:

LNWD = 1 − exp

−

√
||µp − µg||22 + ||Σ1/2

p − Σ1/2
g ||2F

C

 (4)

By measuring distributional similarity, NWD reduces the gradient fluctuations caused
by small positional deviations, enabling more consistent optimization when handling
non-overlapping or slightly overlapping samples.

2. Inner-IoU Loss

While NWD reduces the metric problem for non-overlapping or weakly overlapping
targets, fine-grained regression remains difficult for highly overlapping samples. To im-
prove boundary refinement, we integrated the Inner-IoU loss [36]. Traditional IoU provides
uniform gradients irrespective of sample quality. By applying a spatial scale factor ratio
(empirically set to 0.7), Inner-IoU generates contracted “auxiliary inner boxes” within the
original anchors:

binner
l = cx −

w · ratio
2

, binner
r = cx +

w · ratio
2

binner
t = cy −

h · ratio
2

, binner
b = cy +

h · ratio
2

(5)

where binner
l , binner

r , binner
t , and binner

b denote the left, right, top, and bottom boundary
coordinates of the auxiliary inner box, respectively. Computing the intersection ratio
between these auxiliary inner boxes (IoUinner) increases sensitivity to boundary alignment
for dense, adherent panicles.

3. Total Loss Formulation

Panicle-DETR is optimized with a multi-task objective. The total loss formulation,
LTotal, integrates Varifocal Loss (VFL; LVFL) for classification with the dual-metric bounding
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box regression term. The regression penalty combines NWD and Inner-IoU through an
interpolation coefficient α:

LTotal = λclsLVFL + λbox(αLInner−IoU + (1 − α)LNWD) + λL1LL1 (6)

Here, λcls, λbox, and λL1 regulate the contribution of each component. Coupling the
distributional sensitivity of NWD with the boundary refinement of Inner-IoU is intended
to improve localization robustness in dense and unstructured paddy scenes.

2.3. Experimental Protocol
2.3.1. Experimental Environment

All models were trained and initially evaluated on a server to ensure a consistent
development environment and avoid server-side performance bottlenecks. The server
was equipped with an Intel Core i7-14700KF processor, 64 GB of random-access memory
(RAM), and an NVIDIA GeForce RTX 4080 SUPER GPU (NVIDIA Corporation, Santa
Clara, CA, USA; 16 GB of video random-access memory (VRAM)). The server software
environment included Ubuntu 22.04 Long-Term Support (LTS), Python 3.10, PyTorch 2.5.1,
and Compute Unified Device Architecture (CUDA) 12.4. An additional battery-powered
notebook equipped with an NVIDIA GeForce GTX 1650 GPU (NVIDIA Corporation, Santa
Clara, CA, USA; 4 GB VRAM), 8 GB of system RAM, and an Intel Core i5-10300H central
processing unit (CPU) was used only for the low-compute inference benchmark reported
in Section 3.

2.3.2. Training Configuration

To compare architectural effects under a consistent protocol, all networks were trained
from scratch rather than initialized with pretrained weights. Input images were standard-
ized to a spatial resolution of 640 × 640 pixels. The detailed configuration of the unified
training hyperparameters is summarized in Table 2.

Table 2. Detailed configuration of the unified training hyperparameters.

Parameter Value/Description

Input Resolution 640 × 640 pixels
Optimizer AdamW

Initial Learning Rate 1 × 10−3 (0.001)
Momentum 0.9
Batch Size 16

Total Epochs 300
Learning Rate Scheduler Cosine Annealing
Early Stopping Patience 50 epochs

Weight Decay 1 × 10−4 (0.0001)
Repeated Runs 3 random seeds (0, 1, and 2)

As outlined in Table 2, the AdamW optimizer was used with a Cosine Annealing
scheduler to reduce the risk of premature convergence to local minima. Weight decay
was applied to suppress overfitting to complex background responses such as water
reflections and soil. Training was capped at 300 epochs, with a 50-epoch early-stopping
criterion monitored via the validation loss. Each principal model was trained under
three random seeds (0, 1, and 2), and the main tables report the averaged values after
rounding to two decimal places. This from-scratch protocol supports controlled comparison
among architectures, although it does not claim to reproduce the best possible pretrained
configuration of every baseline.

https://doi.org/10.3390/agriengineering8070294
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2.3.3. Evaluation Metrics

To quantify Panicle-DETR performance within unstructured agricultural settings,
we used an evaluation framework covering detection capability, localization accuracy,
and single-frame agronomic counting accuracy.

(1) Fundamental Detection Metrics

Because missed panicles can compromise yield-related estimates, we prioritized Pre-
cision (P), Recall (R), and the F1-score. Precision quantifies the proportion of predicted
detections that are correct, Recall evaluates the model’s capacity to retrieve annotated pani-
cles, and the F1-score is the harmonic mean of Precision and Recall. Here, TP, FP, and FN
denote true positives, false positives, and false negatives, respectively. The corresponding
formulations are:

P =
TP

TP + FP
× 100% (7)

R =
TP

TP + FN
× 100% (8)

F1 =
2 × P × R

P + R
(9)

Here, true positives are accurately localized panicles, false positives are background artifacts
incorrectly classified as targets, and false negatives are ground-truth panicles overlooked
by the detector.

(2) Comprehensive Accuracy Metrics

Following Common Objects in Context (COCO)-style evaluation protocols, mean
average precision (mAP) was adopted as the primary overall metric. It aggregates average
precision (AP) over the entire precision–recall trajectory. The definitions are expressed as:

AP =
∫ 1

0
P(R)dR, mAP =

1
N

N

∑
i=1

APi (10)

In this context, N denotes the total number of classes (with N = 1 for the single-class
panicle task). We reported mAP50 (at an Intersection over Union threshold of 0.5) to
characterize general detection performance. We also reported mAP50−95, averaged across
IoU thresholds from 0.5 to 0.95 in 0.05 increments, to examine bounding box regression
under stricter boundary constraints.

(3) Single-Frame Agronomic Counting Metrics

To assess image-level counting accuracy, single-frame panicle counts were evaluated
by measuring the deviation between the model predictions (Cpred) and the manual ground-
truth annotations (Cgt). For each image, Cpred was defined as the number of valid predicted
panicle boxes after confidence filtering and duplicate removal within that image, and Cgt

was defined as the number of manually annotated panicle instances. This image-level
evaluation does not perform cross-frame target association and therefore should not be
interpreted as a continuous video-tracking or video-level duplicate-count removal experi-
ment. The evaluation used Mean Absolute Error (MAE), Root Mean Square Error (RMSE),
and the Coefficient of Determination (R2):

MAE =
1
n

n

∑
i=1

|Cpred,i − Cgt,i| (11)

RMSE =

√
1
n

n

∑
i=1

(Cpred,i − Cgt,i)2 (12)
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R2 = 1 −
∑n

i=1(Cgt,i − Cpred,i)
2

∑n
i=1(Cgt,i − C̄gt)2 (13)

where n indicates the number of test images, and C̄gt is the empirical mean of the ground-
truth panicle counts. Lower MAE and RMSE indicate lower counting error, whereas an R2

value approaching unity indicates stronger agreement between predicted and ground-truth
image-level counts.

(4) Repeated-Run Variability Evaluation

To characterize training-run variability, Panicle-DETR and three representative base-
lines, YOLOv8m, YOLOv12m, and RT-DETR-r18, were trained under three random seeds
(0, 1, and 2) using the same data split, optimization schedule, and evaluation protocol.
The repeated-run results are reported as mean ± standard deviation (SD). Because only
three seeds were available, these repeated runs were used as an exploratory robustness
check rather than as a formal statistical significance test.

3. Results
3.1. Ablation Study of Engineered Innovations

To quantify the contribution of each architectural component, we conducted a combi-
natorial ablation study. The evaluated components were the FasterFD backbone, the Bidi-
rectional Feature Pyramid Network (BiFPN), and the composite bounding box regression
loss (NWD + Inner-IoU). Computational complexity is reported as giga floating-point
operations (GFLOPs). As detailed in Table 3, the RT-DETR-r18 baseline was augmented
with individual modules and pairwise combinations to assess their effects on localization
accuracy and computational cost.

Table 3. Combinatorial ablation study isolating the performance impact and computational overhead
of individual modules within the Panicle-DETR architecture.

Variant Baseline +FasterFD +LFE +Loss Precision (%) Recall (%) mAP@50 (%) GFLOPs

Baseline ✓ 89.53 86.37 92.45 56.9

Model 1 ✓ ✓ 89.80 86.80 92.95 41.8
Model 2 ✓ ✓ 89.70 87.60 93.20 64.7
Model 3 ✓ ✓ 89.65 86.45 92.55 56.9

Model 4 ✓ ✓ ✓ 90.40 88.00 93.60 53.0
Model 5 ✓ ✓ ✓ 90.05 86.85 93.05 41.8
Model 6 ✓ ✓ ✓ 89.90 87.75 93.30 64.7

Panicle-DETR ✓ ✓ ✓ ✓ 90.97 88.33 93.94 53.0

Note: Bold font identifies the proposed configuration and its reported results; additional bold values indicate the
best result in the corresponding column.

The ablation results show that FasterFD reduced computational demand relative to
the RT-DETR-r18 baseline. Model 1 decreased GFLOPs by 26.5% (from 56.9 to 41.8) and
increased mAP@50 from 92.45% to 92.95%. This pattern is consistent with the intended role
of frequency-aware feature extraction, which reduces redundant background responses
while preserving panicle-related texture information.

The LFE module improved recall and mAP@50, but increased computation when used
alone. Model 2 reached 93.20% mAP@50 and 87.60% Recall, while GFLOPs increased to 64.7.
This result is consistent with the role of Space-to-Depth mapping and bidirectional fusion
in retaining fine spatial information. When LFE was combined with FasterFD (Model 4),
GFLOPs decreased to 53.0 and mAP@50 reached 93.60%, indicating that the two modules
partly offset each other’s accuracy–computation trade-offs.
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The composite loss (NWD + Inner-IoU) was designed to improve boundary refinement
for dense clusters without adding inference-time cost. When applied alone (Model 3),
the gain was small, with mAP@50 reaching 92.55%. In the complete architecture, however,
the composite loss increased Precision to 90.97% and mAP@50 to 93.94%. This indicates that
distributional similarity and inner-boundary optimization are most useful when supported
by more informative scale-aware features.

3.1.1. Focused Ablation of the Composite Loss

To isolate the contribution of each component in the composite regression loss, we
conducted a focused ablation study using the same Panicle-DETR architecture while chang-
ing only the bounding-box regression loss. Table 4 compares NWD alone, Inner-IoU alone,
and the combined NWD + Inner-IoU loss. This analysis complements the combinatorial ab-
lation in Table 3 by testing whether the final gain depends on coupling distribution-sensitive
tiny-object regression with inner-boundary refinement.

Table 4. Focused ablation of bounding-box regression losses under the same Panicle-DETR architecture.

Regression Loss Precision (%) Recall (%) mAP@50 (%) mAP@75 (%) mAP@50–95 (%)

NWD only 90.46 87.71 93.42 72.02 63.38
Inner-IoU only 90.38 87.64 93.35 72.25 63.21
NWD + Inner-IoU 90.97 88.33 93.94 74.15 64.75

Note: Bold font identifies the proposed configuration and its reported results.

The focused comparison indicates that NWD and Inner-IoU contribute complementary
effects to bounding-box regression. NWD alone reached 93.42% mAP@50, consistent with
reduced sensitivity to small coordinate shifts. Inner-IoU alone achieved 72.25% mAP@75,
consistent with improved boundary refinement for overlapping targets. Combining the
two losses produced the strongest performance in this comparison, with 90.97% Precision,
88.33% Recall, 93.94% mAP@50, and 64.75% mAP@50–95.

3.1.2. Comparative Analysis of Backbone Architectures

To evaluate the FasterFD design, we benchmarked it against several vision backbones
within the same Panicle-DETR framework, using the same BiFPN encoder and composite
loss, as summarized in Table 5. The compared backbones included parameter-heavy
architectures (ResNet-50 [37], HGNetv2-L [28]), lightweight networks (MobileNetV3 [38],
StarNet [39]), and efficient models (FasterNet [31], EfficientNetV2 [40]). We also evaluated
a C2f-FasterNet variant that replaces C2f-FasterFD with a purely spatial partial-convolution
block while retaining the same macro-architecture, BiFPN encoder, and composite loss.

Compared with ResNet-50, FasterFD achieved a slightly higher mAP@50 (93.94%
versus 93.71%) with lower computation (53.0 versus 108.5 GFLOPs). Lightweight net-
works such as StarNet and MobileNetV3 had smaller computational footprints (40.0 and
47.7 GFLOPs), but lower mAP@50 values of 91.82% and 90.50%, respectively.

Compared with the original FasterNet architecture, which relies on spatial-domain
partial convolutions and used 41.5 GFLOPs, FasterFD increased mAP@50 by 1.08 percentage
points. The controlled C2f-FasterNet comparison further shows that replacing C2f-FasterFD
with a spatial-only partial-convolution block lowered mAP@50 from 93.94% to 93.28%,
while reducing GFLOPs from 53.0 to 48.6. This result indicates that the gain is associated
not only with partial-convolution efficiency, but also with the frequency-aware reweighting
used in C2f-FasterFD.
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Table 5. Performance comparison across different backbone feature extraction networks. All candi-
dates use the same LFE encoder and composite loss for fair evaluation.

Backbone/Block Design Precision (%) Recall (%) mAP@50 (%) GFLOPs

ResNet-50 [37] 90.67 87.79 93.71 108.5
HGNetv2-L [28] 90.08 87.23 93.22 74.2
MobileNetV3 [38] 87.82 84.13 90.50 47.7
FasterNet [31] 89.47 86.83 92.86 41.5
C2f-FasterNet 90.22 87.52 93.28 48.6
StarNet [39] 88.48 85.10 91.82 40.0
EfficientNetV2 [40] 89.23 86.81 92.79 49.5
FasterFD (Ours) 90.97 88.33 93.94 53.0

Note: Bold font identifies the proposed method and its reported results; additional bold values indicate the best
result in the corresponding column.

3.2. Comparative Experiments on the Composite Dataset

We then compared Panicle-DETR with representative detection architectures on the
composite dataset. The evaluation integrates detection metrics, single-frame counting
accuracy, and qualitative visual assessment.

3.2.1. Quantitative Detection Performance and Training Dynamics

Detection performance and complexity metrics for representative baseline models
are presented in Table 6, including RT-DETR-r18 as the direct baseline for Panicle-DETR.
A separate comparison with the RT-DETR family is provided in Table 7 to isolate the effect
of increasing RT-DETR backbone capacity.

Table 6. Quantitative comparison of detection performance and computational complexity among
representative baseline models.

Model P (%) R (%) F1 (%) mAP@50
(%)

mAP@75
(%)

mAP@50–
95 (%)

Params
(M) GFLOPs

Faster R-CNN [41] 86.50 84.19 85.33 90.52 66.78 58.93 41.35 180.6
YOLOv5m [42] 88.52 86.08 87.28 92.50 70.83 62.12 25.05 64.0
YOLOv8m [43] 90.13 87.17 88.63 93.65 71.50 62.81 25.84 78.7
YOLOv10m [18] 88.81 85.91 87.34 92.68 70.92 62.31 16.45 63.4
YOLOv11m [44] 89.22 86.49 87.83 93.13 71.77 63.38 19.69 65.6
YOLOv12m [45] 90.48 87.50 88.97 93.79 72.52 63.87 19.54 58.6
RT-DETR-r18 [28] 89.53 86.37 87.92 92.45 68.12 60.48 19.87 56.9
Panicle-DETR (Ours) 90.97 88.33 89.63 93.94 74.15 64.75 13.78 53.0

Note: Bold font identifies the proposed method and its reported results.

For overall detection performance, Panicle-DETR achieved 90.97% Precision and
89.63% F1-score, outperforming the representative baseline models in Table 6. On mAP@50,
the proposed model reached 93.94%, while using 13.78 M parameters and 53.0 GFLOPs.

Table 7. Focused comparison with RT-DETR variants under the same evaluation protocol.

Model P (%) R (%) F1 (%) mAP@50
(%)

mAP@75
(%)

mAP@50–
95 (%)

Params
(M) GFLOPs

RT-DETR-r18 [28] 89.53 86.37 87.92 92.45 68.12 60.48 19.87 56.9
RT-DETR-r34 [28] 90.22 87.31 88.74 93.26 71.35 63.18 31.25 90.6
RT-DETR-r50 [28] 90.58 87.72 89.13 93.61 72.08 63.86 42.80 134.8
Panicle-DETR (Ours) 90.97 88.33 89.63 93.94 74.15 64.75 13.78 53.0

Note: Bold font identifies the proposed method and its reported results.

Within the RT-DETR family, increasing backbone capacity from r18 to r34 and r50
improved detection metrics, but the gain came with higher computation. GFLOPs increased
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from 56.9 in RT-DETR-r18 to 90.6 in RT-DETR-r34 and 134.8 in RT-DETR-r50. Panicle-DETR
produced the highest mAP@50, mAP@75, and mAP@50–95 values in this focused compari-
son while using fewer parameters and lower GFLOPs than all three RT-DETR variants.

The difference was more pronounced under stricter overlap thresholds. Panicle-DETR
achieved 74.15% mAP@75 and 64.75% mAP@50–95. These results are consistent with the
role of the combined NWD and Inner-IoU loss in improving bounding box regression for
irregular panicle boundaries.

3.2.2. Repeated-Run Variability Analysis

Table 8 summarizes the repeated-run results across three random seeds for Panicle-
DETR and the representative baselines.

Table 8. Repeated-run variability across three random seeds. Values are reported as mean ± SD.

Model P (%) R (%) mAP@50 (%) mAP@75 (%) mAP@50–95 (%)

YOLOv8m [43] 90.13 ± 0.16 87.17 ± 0.18 93.65 ± 0.10 71.50 ± 0.25 62.81 ± 0.22
YOLOv12m [45] 90.48 ± 0.09 87.50 ± 0.13 93.79 ± 0.06 72.52 ± 0.19 63.87 ± 0.15
RT-DETR-r18 [28] 89.53 ± 0.20 86.37 ± 0.16 92.45 ± 0.14 68.12 ± 0.22 60.48 ± 0.18
Panicle-DETR (Ours) 90.97 ± 0.14 88.33 ± 0.17 93.94 ± 0.08 74.15 ± 0.23 64.75 ± 0.17

Note: Bold font identifies the proposed method and its reported results.

In addition to final accuracy, we examined the training trajectories of Precision, Recall,
and mAP@50 in Figure 7. Most models showed rapid improvement during the early
training stage and then gradually approached a plateau. Panicle-DETR reached a high-
performance region earlier than the representative baselines and maintained competitive
values during the later epochs.

Figure 7. Training curves of Precision, Recall, and mAP@50 for Panicle-DETR and representative
baseline models. The curves summarize the optimization trajectories across the training schedule
and are used to compare convergence behavior among models.

The convergence curves indicate that Panicle-DETR achieved strong final performance
while retaining a smooth overall optimization trajectory. Faster R-CNN improved more
slowly and reached a lower plateau, whereas several YOLO variants converged rapidly but
remained slightly below Panicle-DETR in at least one of the three metrics. RT-DETR-r18
showed competitive early optimization, but its final mAP@50 and Recall were lower than
those of Panicle-DETR. This curve-level comparison is used to describe training behavior
rather than to claim uniformly smaller random fluctuation than all baselines.

3.2.3. Low-Compute Notebook Inference Evaluation

To add data-backed, hardware-aware evidence about resource-constrained field-side
inference without making unsupported claims about onboard deployment, a low-compute
notebook benchmark was conducted on the battery-powered notebook described in
Section 2.3.1. The notebook was disconnected from external power during testing to
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approximate a resource-constrained field-side operating condition. Unless otherwise stated,
the benchmark used a batch size of 1 and the same 640 × 640 input resolution as the main
desktop evaluation. All models were evaluated under the same PyTorch 32-bit floating-
point (FP32) runtime without TensorRT, 8-bit integer (INT8) quantization, or hardware-
specific acceleration. The inference evaluation reports single-image latency, frames per
second (FPS), peak GPU memory, and peak system memory usage, thereby complementing
the theoretical complexity metrics with hardware-aware evidence.

As summarized in Table 9, Panicle-DETR achieved 16.9 FPS with 59.1 ms single-
image latency on the battery-powered GTX 1650 notebook under PyTorch FP32 evaluation.
Although YOLOv12m was the fastest evaluated model (19.9 FPS), Panicle-DETR required
the lowest peak GPU memory (1.96 GB) and was faster and more memory efficient than
RT-DETR-r18 while maintaining higher detection and counting accuracy.

Table 9. Low-compute notebook GPU inference benchmark for representative detectors. The bench-
mark was conducted on a battery-powered notebook with an NVIDIA GeForce GTX 1650 GPU
(NVIDIA Corporation, Santa Clara, CA, USA; 4 GB VRAM), 8 GB RAM, and an Intel Core i5-10300H
CPU using batch size 1 and 640 × 640 input resolution.

Model Params (M) GFLOPs Latency (ms) ↓ FPS ↑ GPU Memory
(GB) ↓ RAM (GB) ↓

YOLOv8m [43] 25.84 78.7 56.4 17.7 2.38 5.6
YOLOv12m [45] 19.54 58.6 50.2 19.9 2.11 5.4
RT-DETR-r18 [28] 19.87 56.9 70.8 14.1 2.64 5.9
Panicle-DETR (Ours) 13.78 53.0 59.1 16.9 1.96 5.2

Note: Bold font identifies the proposed method and its reported results. ↑ indicates that a higher value represents
better performance, whereas ↓ indicates that a lower value represents better performance.

This low-compute benchmark distinguishes model compactness from practical in-
ference behavior under constrained hardware. Parameter count and GFLOPs indicate
theoretical efficiency, whereas latency, FPS, and memory usage determine whether the
model can be used on portable field-side computers. Because no UAV-mounted computer
was used in this study, the results should be interpreted as evidence of notebook-based
field-side inference efficiency rather than direct validation of onboard UAV deployment.

3.2.4. Agronomic Counting Accuracy and Consistency

In high-throughput phenotypic analysis, detection confidence alone may not fully
reflect the reliability of panicle counting. Panicle counting errors were therefore evaluated
to assess image-level count consistency, as summarized in Table 10.

Panicle-DETR achieved a Mean Absolute Error of 4.28 and a Root Mean Square Error of
8.57. YOLOv8m [43] and YOLOv12m [45] showed strong detection performance, but their
counting errors were higher, with Mean Absolute Errors of 5.05 and 4.85, respectively.
This difference is consistent with the role of adaptive multi-scale fusion in preserving
micro-target boundaries in dense and adherent panicles, thereby reducing false merging
and missed detections.

Linear regression scatter plots of predicted counts versus ground-truth counts were
used to examine count consistency across density levels. In Figure 8, Faster R-CNN [41]
and YOLOv5m [42] showed larger dispersion when the ground-truth count exceeded
60 panicles per image. Panicle-DETR predictions remained closer to the regression line,
including in high-density images containing more than 100 panicles. With an R2 of 0.957,
the model improved agreement between predicted and ground-truth single-frame counts.
This result supports image-level panicle-density assessment, although field-scale yield
estimation would still require calibration against plot-level yield measurements.
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Table 10. Evaluation of panicle counting performance across different models.

Model MAE ↓ RMSE ↓ R2 ↑
Faster R-CNN [41] 8.20 12.50 0.909
YOLOv5m [42] 6.35 10.80 0.932
YOLOv8m [43] 5.05 9.35 0.949
YOLOv10m [18] 5.60 9.95 0.942
YOLOv11m [44] 4.95 9.25 0.950
YOLOv12m [45] 4.85 9.12 0.951
RT-DETR-r18 [28] 6.15 10.20 0.939
Panicle-DETR (Ours) 4.28 8.57 0.957

Note: Bold font identifies the proposed method and its reported results. ↑ indicates that a higher value represents
better performance, whereas ↓ indicates that a lower value represents better performance.
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Figure 8. Linear regression scatter plots of ground truth versus predicted panicle counts for all
evaluated models.

3.2.5. Qualitative Visual Validation Across Altitudes

To complement the quantitative metrics, qualitative visual assessment was conducted
across UAV flight altitudes. Figure 9 compares representative baseline outputs with Panicle-
DETR outputs at altitudes of 12 m, 7 m, and 3 m, arranged from left to right.

Visual comparisons indicate that flight altitude strongly affects panicle appearance.
At 12 m, spatial downsampling causes micro-targets to blend into the field background.
Several baseline models produced more false negatives in these regions, whereas Panicle-
DETR detected more of the small panicle targets. This observation is consistent with the
role of the Lossless Feature Encoder in preserving high-altitude micro-panicle information.

At 7 m, dense adherent panicles increased the risk of bounding box merging and
grouped false negatives. Panicle-DETR more clearly separated several adherent clusters,
consistent with the use of NWD and Inner-IoU for dense target regression. At 3 m, the nar-
row field of view introduced truncated border targets and visually ambiguous panicles.
Panicle-DETR produced more correct detections in these cases, although missed detections
remained under strong occlusion and weak target contrast.

3.3. Error Analysis and Model Limitations

Error analysis was conducted to identify the practical limitations of Panicle-DETR
in unstructured agricultural environments. Representative failure cases are shown in
Figure 10.

One failure mode, shown in panel (a), involves reflections on the water surface within
irrigated paddies. Specular reflections of the sky or dense foliage can resemble panicle
texture under specific solar angles, occasionally triggering false positives. Severe physical
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occlusion is another source of error. When a panicle is almost entirely masked by broad
flag leaves, its textural and geometric cues can be too weak for reliable detection, leading to
false negatives.

Figure 9. Qualitative detection results of representative models across varying flight altitudes. Green
boxes denote true-positive detections, red boxes denote false negatives (missed panicles), and blue
boxes denote false-positive detections.

Strong illumination saturation also caused detection failures, as observed in panel
(b). Under peak solar intensity, high brightness reduced the contrast between panicles and
background regions. This led to missed detections when target texture was washed out and
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to false positives when overexposed background elements, such as withered leaves, were
assigned high objectness scores. These limitations indicate that purely RGB-based detectors
remain sensitive to illumination and occlusion, motivating future work on multi-sensor
fusion or illumination-invariant augmentation.

Figure 10. Representative failure modes of Panicle-DETR. Green boxes denote true-positive detections,
red boxes denote false negatives (missed panicles), and blue boxes denote false-positive detections.
(a) False positives from specular water reflections and false negatives due to severe flag leaf occlusion.
(b) Detection failures under extreme solar illumination resulting in texture washout.

4. Discussion
Deploying deep learning models for UAV-based high-throughput phenotyping re-

mains difficult because open-field imagery varies in altitude, illumination, occlusion,
background reflection, and available computation. The results of this study suggest that
Panicle-DETR can address part of this problem by combining frequency-aware feature
extraction, spatial-preserving feature fusion, and dense-target regression. The evidence is
strongest for the composite multi-altitude image dataset and the notebook-based inference
benchmark used here.

4.1. Addressing the Spatial–Semantic Trade-Off in Multi-Altitude Phenotyping

One motivation for the architecture was the feature degradation observed under UAV
altitude variation from 3 m to 20 m. As noted in recent evaluations of small-object detection
in aerial imagery [46], standard strided convolutions can substantially reduce the pixel
footprint of high-altitude micro-targets. In this study, architectures such as YOLOv12m
achieved strong accuracy overall, but their errors were more evident in higher-altitude and
dense-canopy examples.

The Lossless Feature Encoder is intended to mitigate this vulnerability by embedding
Space-to-Depth mapping within the BiFPN topology. This design reduces information loss
during downsampling and fuses fine-grained micro-panicle textures into deeper semantic
layers, including high-altitude views from 12 m to 20 m. The results suggest that multi-scale
robustness in precision agriculture benefits from explicit spatial preservation, especially
around panicle boundary regions [47].
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4.2. Linking Detection Accuracy to Image-Level Panicle Counting

In digital agriculture, panicle detection is most useful when it provides count infor-
mation that can support downstream phenotyping. Many agricultural vision studies rely
mainly on mean average precision, which may not fully reveal counting errors for traits
such as panicle number per unit area [48].

The scatter plots showed larger count dispersion in several baseline models when the
true count exceeded 60 panicles per image. This pattern is consistent with detection failures
in dense and adherent clusters. By combining distributional similarity with inner-boundary
refinement, Panicle-DETR reduced image-level counting error. This supports the view that
loss functions should reflect the morphology of dense crop targets when object detection is
used for phenotyping [49]. However, the present counting analysis is image-based. It does
not yet establish plot-level yield prediction or video-level duplicate removal.

4.3. Engineering Viability and Low-Compute Inference Trade-Offs

For field-side agricultural phenotyping, near-real-time processing requires computa-
tional efficiency. Heavy backbones such as ResNet-50 can exceed 100 GFLOPs, whereas
lightweight networks may lose accuracy in complex backgrounds. The results therefore
point to a trade-off between model compactness and feature discrimination.

The FasterFD backbone represents one way to manage this trade-off. By using
frequency-domain representations with learnable frequency-response reweighting, the net-
work reduces redundant spatial computation and enhances panicle-related texture cues.
Panicle-DETR operated at 53.0 GFLOPs with 13.78 M parameters and achieved 93.94%
mAP@50. The low-compute notebook benchmark in Table 9 further shows that Panicle-
DETR reached 16.9 FPS on a battery-powered GTX 1650 4 GB notebook while requir-
ing 1.96 GB peak GPU memory. This provides hardware-aware evidence for resource-
constrained field-side inference, but it does not replace validation on UAV-mounted
computing platforms.

4.4. Limitations and Future Work

Several limitations remain. First, the current dataset primarily contains images ac-
quired under adequate daytime illumination, and performance under low light, strong
glare, or adverse weather needs further validation. Second, 3 m ultra-low-altitude images
may be affected by rotor-induced airflow, wind-driven panicle motion, and dynamic oc-
clusion. Although severely blurred frames were excluded during preprocessing, manual
frame exclusion is not sufficient for continuous field operation. In addition, patch-based
processing may truncate targets near patch borders and reduce wider contextual infor-
mation, although this limitation was partly controlled through visual quality filtering
and annotation review. Future work should include overlapping tiles, context-preserving
inference, video-based quality control, temporal detection, deblurring, or target tracking to
improve robustness under dynamic motion blur and edge-context loss.

Third, the current counting evaluation is image-based and does not perform cross-
frame target association. Continuous video counting would require an additional tracking
module to avoid repeated counts of the same panicle. Finally, the hardware-aware inference
evaluation was conducted on a battery-powered low-compute notebook rather than on an
actual UAV-mounted computer. The reported latency and memory results should therefore
be interpreted as a proxy for resource-constrained field-side inference efficiency, not as
direct evidence of onboard UAV deployment. Future research should examine portable-
hardware benchmarking, model quantization, and flight-time validation while evaluating
trade-offs among latency, power consumption, and multi-altitude counting accuracy.
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5. Conclusions
This study introduces Panicle-DETR for rice panicle detection and counting in multi-

altitude UAV imagery. The framework addresses constrained field-side computation and
spatial variability by combining frequency-aware feature extraction, spatial-preserving
multi-scale fusion, and a dense-target regression loss. The FasterFD backbone uses
frequency-domain representations with learnable frequency-response reweighting to en-
hance panicle-related texture cues. The Lossless Feature Encoder reduces information loss
during downsampling, while the NWD and Inner-IoU composite loss improves regression
for dense panicle clusters.

On the composite multi-altitude dataset, Panicle-DETR achieved 93.94% mAP@50 and
reduced the single-frame counting Mean Absolute Error to 4.28. This performance was
obtained with 53.0 GFLOPs and 13.78 M parameters. In the battery-powered low-compute
notebook benchmark, the model reached 16.9 FPS with 1.96 GB peak GPU memory and
5.2 GB peak system memory usage. These results support the potential of Panicle-DETR
for resource-constrained field-side UAV image analysis, while onboard UAV deployment
remains to be validated on dedicated edge hardware under real flight conditions. Future
work should further validate continuous video counting, dynamic motion-blur robustness,
and cross-region and cross-variety generalization.
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