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Abstract

To address storage, computational, and latency constraints in cotton-field robots and variable-
rate spraying, this study proposes CQ-RT-DETR with a two-stage design of structural 
compression and training-time query calibration. First, the hidden dimension of RT-DETRv2 
is reduced from 256 to 192 and the number of object queries from 300 to 100, forming 
the lightweight B_Lite baseline. Next, the Scale-Reliability-Guided Trajectory-Consistent 
Competition Margin (SR-TCCM) mechanism selects persistent competing queries using 
cross-layer IoU trajectories and applies a budget-constrained adaptive margin based on 
object scale and the winner query’s localization advantage. Across five random seeds 
on the test set, the mean AP50–95 values of RT-DETRv2, B_Lite, and CQ-RT-DETR are 
0.8867, 0.8691, and 0.8892, respectively. CQ-RT-DETR improves AP50–95 by 2.01 percentage 
points over B_Lite and achieves accuracy comparable to the original RT-DETRv2, while 
reducing the parameter count and GFLOPs by 16.93% and 23.38%, respectively. In FP16 
RKNN model-level forward-pass tests on an RK3576 platform, mean latency is 54.57% lower 
than for RT-DETRv2, and FPS increases from 6.69 to 14.7. These results show that CQ-RT-
DETR recovers the compression-induced accuracy loss without increasing inference-graph 
complexity and provides a favorable accuracy–efficiency trade-off.

Keywords: cotton field weed detection; RT-DETRv2; lightweight object detection; query 
competition calibration; SR-TCCM; precision agriculture

1. Introduction
Cotton is an important fiber and oilseed crop, while weeds constitute one of the major 

biotic stresses affecting stable cotton production and efficient field management. During 
the seedling and vegetative growth stages, weeds compete with cotton plants for light, 
water, nutrients, and growing space, thereby reducing cotton yield and increasing the 
costs of manual and chemical weed control [1,2]. Long-term reliance on uniform whole-
field herbicide application also increases chemical use. For precision weed management 
involving variable-rate spraying, mechanical weeding, and field robots, weed recognition 
systems must provide both class labels and spatial locations rather than merely perform 
binary weed/non-weed classification. Accordingly, multiclass weed detection in cotton 
fields is an essential sensing capability for operations tailored to weed type, location, and 
treatment demand [3–6].

Vision-based weed recognition has evolved from handcrafted to deep representations 
and from image classification to spatial localization. Early methods distinguished crops 
from weeds using color indices, texture, leaf shape, and vegetation-region segmentation, 
but were sensitive to variations in illumination, soil background, leaf overlap, and growth 
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stage [5,7]; natural field images also commonly exhibit substantial variation in object scale 
and class imbalance [8]. The introduction of convolutional neural networks enabled models 
to learn plant phenotypic features directly. Dyrmann et al. used a deep convolutional 
network to classify seedlings from multiple crop and weed species [9], while Milioto 
et al. and Lottes et al. subsequently applied fully convolutional networks to real-time 
semantic segmentation of crops and weeds in field environments and demonstrated the 
feasibility of onboard robotic operation [10,11]. The public DeepWeeds dataset advanced 
research on multiclass weed recognition in natural backgrounds [12], while transfer learning 
alleviated training difficulties arising from limited agricultural datasets and variations in 
image-acquisition conditions [13]. Although these studies established the foundation 
for intelligent weed recognition, image classification cannot localize individual targets 
and semantic segmentation requires costly pixel-level annotations; object detection, which 
predicts both classes and bounding boxes, has therefore become an increasingly standard 
component of precision spraying and automated weeding equipment.

In cotton production, research has likewise shifted from binary crop–weed discrimina-
tion toward species-level weed recognition. Chen et al. established an image-classification 
benchmark comprising 15 common cotton-field weed species, demonstrating that deep 
transfer learning can resolve fine-grained interspecific differences and that class imbalance 
and model complexity substantially affect recognition performance [14]. Subsequently, 
Dang et al. developed CottonWeedDet12 and systematically evaluated 18 YOLO detectors 
on a common dataset; across the evaluated models, mAP@0.5 ranged from 88.14% to 95.22%, 
while mAP@0.5:0.95 ranged from 68.18% to 89.72% [15]. This benchmark demonstrates that 
multiple cotton-field weed species can already be detected with high accuracy, but it also 
exposes a persistent trade-off: high-capacity models generally provide stronger fine-grained 
representation and localization, whereas smaller models better suited to field devices tend 
to lose accuracy on small or occluded objects and underrepresented classes.

Recent cotton-field weed detection studies have predominantly pursued lightweight 
YOLO-based designs to balance accuracy against deployment cost. YOLO-WDNet reduces 
model size through a lightweight backbone, feature fusion, and attention mechanisms and 
was validated on a ground robotic platform [16]; YOLO-WL combines EfficientNet with 
multiscale attention to reduce the parameter count and accelerate inference [17]; and Cotton 
Weed-YOLO improves recognition efficiency by redesigning its feature-extraction and fusion 
structures [18]. By restructuring the YOLOv8 backbone and detection head, Star-YOLO 
demonstrated the potential to jointly achieve a lightweight design and high accuracy on 
CottonWeedDet12 [19]. More recently, AVGS-YOLO and YOLO-CottWed have continued 
along this line by incorporating lightweight convolutions, attention mechanisms, and effi-
cient feature fusion [20,21]. These studies indicate that weed detection is no longer judged 
solely by whether weeds can be detected, but by whether detection remains reliable under 
limited computational resources; however, most approaches retain newly introduced con-
volutional, attention, or fusion modules in the inference graph, thereby coupling structural 
compression with accuracy compensation.

Comparative studies using real field imagery also indicate that YOLO is not the only 
viable option for real-time weed detection. Allmendinger et al. compared YOLOv8, YOLOv9, 
YOLOv10, and RT-DETR across 16 field plant species and found that the architectures 
offered distinct trade-offs in accuracy, recall, latency, and hardware suitability [22]. Zhang 
et al. further proposed CEAM-DETR and demonstrated the feasibility of a lightweight 
end-to-end Transformer for weed detection in soybean fields [23]. In parallel, Zhang et al. 
developed SCR-DETR from RT-DETR by reconstructing the backbone and encoder with SRC 
re-parameterized convolutions, AIFI-USAR attention, and CGSR multiscale fusion, reducing 
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model complexity on CottonWeedDet12 while maintaining mAP@0.5 and demonstrating 
real-time inference on a Jetson Nano [24].

Detection Transformer (DETR) formulates object detection as a set-prediction prob-
lem and uses bipartite matching to establish one-to-one assignments between predictions 
and ground-truth objects, thereby simplifying manually designed components such as an-
chors and non-maximum suppression [25]. Deformable DETR improves multiscale feature 
modeling through sparse sampling around reference points while enhancing small-object 
detection and training convergence [26]. RT-DETR subsequently introduced an efficient 
hybrid encoder and query-selection mechanism for real-time end-to-end detection [27]; 
RT-DETRv2 strengthened the baseline through improved training strategies and scale-
adaptive configurations [28]; and RT-DETRv3 alleviated the sparse-supervision problem 
of one-to-one matching through hierarchical dense positive supervision [29]. Collectively, 
these studies demonstrate the potential of end-to-end detectors to balance accuracy, speed, 
and deployment simplicity. Building on this progress, the present study focuses on struc-
tural compression of RT-DETRv2 for close-range cotton-field imagery and on the resulting 
changes in query behavior.

Close-range cotton-field images generally contain only a few weed instances, whereas 
standard detectors retain far more queries than there are ground-truth objects. After the 
query budget is compressed, multiple queries may still compete around the same object, 
with one winner query ultimately receiving the matching supervision. If competition is 
insufficiently constrained, several candidate queries may retain similar scores and disrupt 
confidence ranking; conversely, uniformly strong suppression of all competing queries may 
allow a winner with an incidental early advantage to suppress candidates that still contain 
useful localization information. Among studies of matching, alignment, and ranking in 
DETR, Stable-DINO introduces localization indicators such as IoU into positive-sample 
classification supervision and matching costs to improve matching stability across decoder 
layers [30]; Align-DETR uses an Align Loss that jointly considers classification and local-
ization quality, together with many-to-one supervision in intermediate layers, to mitigate 
classification–localization misalignment and target inconsistency across layers [31]; and 
Rank-DETR reinforces the ranking priority of predictions with high localization quality 
through the network architecture, loss function, and matching cost [32]. These methods 
address cross-layer matching stability, classification–localization alignment, and prediction 
ranking, respectively. However, they are not designed to analyze persistent competition 
around the same ground-truth object after query-budget compression, nor do they directly 
answer which queries remain in competition or how strongly that competition should be 
constrained. On this basis, the present study treats query competition in the compressed 
model as a mechanistic hypothesis to be tested experimentally. Without modifying Hungar-
ian matching or the inference architecture, it uses cross-layer IoU trajectories to select persistent 
competing queries, defines an adaptive margin according to object scale and the winner query’s 
localization advantage, and limits the calibration strength through a loss budget.

Based on the above analysis, this study proposes CQ-RT-DETR for multiclass cotton-
field weed detection and adopts a two-stage strategy that first compresses the inference 
architecture and then compensates for the resulting accuracy loss through a training-time 
mechanism. In the first stage, the lightweight B_Lite baseline is constructed by reducing the 
hidden dimension of RT-DETRv2 from 256 to 192 and the number of object queries from 300 
to 100. This design reduces the parameter count from 20.097 M to 16.694 M and GFLOPs 
from 22.947 to 17.581. In the second stage, the Scale-Reliability-Guided Trajectory-Consistent 
Competition Margin (SR-TCCM) mechanism analyzes cross-layer query IoU trajectories 
only during training and adjusts the ranking-constraint strength according to object scale 
and the winner query’s localization advantage. With a fixed random seed of 42 on the 
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validation set, AP50–95 increases from 0.8684 for B_Lite to 0.8842. Across five random seeds 
on the test set, CQ-RT-DETR improves AP50–95 by an average of 2.012 percentage points 
over B_Lite, whereas its difference from RT-DETRv2 is not significant. In FP16 model-level 
tests on an RK3576 platform, mean latency decreases from 149.44 ms to 67.89 ms and FPS 
increases from 6.69 to 14.7.

The main contributions of this study are as follows:
(1) We develop B_Lite, a lightweight RT-DETRv2 architecture for multiclass cotton-field 

weed detection. By jointly compressing the hidden dimension and query budget, 
B_Lite establishes a lightweight inference baseline with 16.93% fewer parameters and 
23.38% fewer GFLOPs, while enabling quantitative analysis of the associated accuracy 
loss and scale sensitivity.

(2) We propose SR-TCCM, a Scale-Reliability-Guided Trajectory-Consistent Competition 
Margin calibration mechanism. The method uses IoU trajectories across decoder layers 
to select persistent competing queries and adjusts the competition strength accord-
ing to object-scale reliability and the winner query’s localization advantage, thereby 
improving query ranking in the lightweight model without introducing additional 
inference modules.

(3) We introduce a decoupled design that combines inference-architecture compres-
sion with training-time accuracy compensation. The SR-TCCM branch is completely 
removed during inference, allowing the final CQ-RT-DETR model to recover the 
compression-induced accuracy loss and maintain accuracy comparable to that of the 
original model while preserving the lightweight inference graph.

(4) We conduct structural comparisons, scale analysis, five-seed independent testing, 
comparisons with mainstream detectors, and RK3576 model-level forward-pass tests 
on CottonWeedDet12, providing comprehensive evidence of the accuracy–efficiency 
trade-off in multiclass cotton-field weed detection.

2. Materials and Methods
2.1. Multiclass Cotton-Field Weed Detection Task and Dataset Partitioning

The task investigated in this study is to simultaneously classify and localize multiple 
weed species in RGB images acquired from natural cotton fields. Given a single field image 
as input, the model predicts the class confidence score and spatial location of each weed 
instance, providing essential information for variable-rate spraying, mechanical actuator po-
sitioning, and field-robot perception. Compared with binary weed/non-weed classification, 
multiclass detection must additionally address morphological similarities between classes, 
substantial within-class appearance variations across growth stages and object scales, and 
background interference jointly caused by soil, cotton plants, shadows, and occlusion.

To ensure experimental reproducibility, this study uses the publicly available Cot-
tonWeedDet12 dataset. The dataset was collected using smartphones or handheld digital 
cameras under natural field illumination in the southern United States between June and 
September 2021. The dataset contains 5648 RGB images, 12 cotton-field weed classes, and 
9388 bounding-box annotations. The class and object-scale distributions of the training, 
validation and test sets are shown in Figure 1. This study uses 4517 images for training and 
565 images for validation during training, structural comparisons, ablation experiments, 
parameter-sensitivity analysis, and query-behavior analysis. A further 566 images constitute 
the test set used only for the final robustness evaluation. The network input size is fixed at 
384 × 384 pixels. In the absence of external-dataset validation, the conclusions are limited 
to CottonWeedDet12 and the present experimental protocol.
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Figure 1. Class, per-image object-count, and object-scale distributions of the training, validation, 
and test sets. There are 7548, 930, and 910 annotation boxes in the training, validation, and test sets, 
respectively. (a) Distribution of annotation boxes for each category; (b) statistics of annotation boxes 
per image; (c) scale-based statistics of annotation boxes.

To mitigate class imbalance, RT-DETRv2, B_Lite, and CQ-RT-DETR use the same 
repeated-sampling sequence for images containing underrepresented classes, increasing the 
number of image samples processed per epoch from 4517 to 5004. Based on the resampled 
image sequence, the cumulative number of bounding-box occurrences per epoch is 8492 
(Table 1). YOLO and D-FINE follow the sampling and optimization strategies of their 
respective official frameworks. The original distributions of the validation and test sets 
remain unchanged. This procedure generates neither new images nor new annotations; 
therefore, the numbers of unique images and unique annotations remain unchanged.

Table 1. Comparison of the training set before and after class-balanced sampling.

Data Partition
Number of 

Unique Images
Samples per 

Epoch
Number of Unique 

Annotations
Cumulative Bounding 

Boxes per Epoch

Original training set 4517 4517 7548 7548
After class-balanced sampling 4517 5004 7548 8492

2.2. Architectural Overview of RT-DETRv2
This study uses RT-DETRv2 with a PResNet18vd backbone as the baseline detector. RT-

DETRv2 retains the overall architecture of RT-DETR while improving multiscale sampling, 
data augmentation, and scale-adaptive hyperparameter configurations [27,28]. The overall 
architecture is illustrated in Figure 2. Given an input image I, the backbone successively 
generates feature maps S3, S4, and S5 at three scales; their spatial resolutions progressively 
decrease, while their levels of semantic abstraction increase. The efficient hybrid encoder 
comprises an attention-based intra-scale feature interaction (AIFI) module and a CNN-
based cross-scale feature fusion (CCFF) module. The highest-level feature S5 first undergoes 
channel projection and positional encoding and is then fed into AIFI for global semantic 
interaction, yielding the enhanced high-level feature F5, as described by Equations (1) 
and (2):

𝑄 = 𝐾 = 𝑉 = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝑆5) (1)

𝐹5 = 𝑅𝑒𝑠ℎ𝑎𝑝𝑒(𝐴𝐼𝐹𝐼(𝑄, 𝐾, 𝑉)) (2)

Subsequently, S3, S4, and F5 are fed into CCFF, which generates encoded features at 
three scales through top-down and bottom-up convolutional fusion pathways, as expressed 
in Equation (3):
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𝑂 = 𝐶𝐶𝐹𝐹(𝑆3, 𝑆4, 𝐹5) (3)

After the encoder outputs are flattened, they are represented as 𝑁𝑒 candidate locations, 
with 𝑝𝑛 and 𝑏𝑛 denoting the class confidence score and predicted bounding box of the n-th 
candidate location, respectively. The encoder first performs classification and bounding-box 
regression and then selects high-quality candidate locations as the initial content queries 
and reference boxes for the decoder. The query-selection process can be formulated as 
Equation (4):

𝑄 = 𝑇𝑜𝑝𝐾({𝑞𝑛}𝑛𝑒
𝑛=1, 𝑁𝑞) (4)

Here, 𝑞𝑛 denotes the candidate query constructed from the n-th encoded location, and 
𝑁𝑞 denotes the number of queries fed into the decoder. Within the multilayer Transformer 
decoder, the selected queries interact with the encoded features through cross-attention, 
progressively updating the class predictions and bounding-box coordinates layer by layer. 
During training, one-to-one Hungarian matching is used to assign supervision; during 
inference, the class predictions and bounding boxes are output directly.

Figure 2. Overall architecture of RT-DETR. RT-DETRv2 retains this architecture while improving 
multiscale sampling, data augmentation, and training configurations.

2.3. B_Lite: Structural Compression
In the original RT-DETRv2, S3, S4, and S5 are first projected to a common hidden 

dimension d, around which the AIFI and CCFF output channels, query-selection features, 
and decoder embeddings are constructed. The number of ground-truth objects in close-
range cotton-field images is substantially smaller than the 300 object queries retained by 
the standard model. Accordingly, the hidden dimension is uniformly reduced from 256 to 
192 and the number of object queries from 300 to 100, while the number of decoder layers 
remains at the default value of three, yielding the lightweight B_Lite baseline shown in 
Figure 3. For linear projections and 1 × 1 convolutions whose dominant computational 
costs scale approximately with d2 , the theoretical compression ratio of these components is 
calculated using Equation (5):

𝑅𝑑 = 1 − (
𝑑L
𝑑B

)
2

= 1 − (
192
256)

2

= 43.75% (5)

Here, 𝑑B and 𝑑L denote the hidden dimensions of the baseline and lightweight mod-
els, respectively.

The compression ratio of the object-query budget is given by Equation (6):

𝑅𝑞 = 1 −
𝑁𝑞,L

𝑁𝑞,B
= 1 −

100
300 = 66.67% (6)
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The actual parameter count is obtained by counting all network parameters in the 
inference model, excluding optimizer states, exponential moving average (EMA) weight 
copies, and runtime caches. GFLOPs are measured using THOP v2.0.20 with a single FP32 
input tensor of size 1 × 3 × 384 × 384, considering only the network forward pass and 
excluding image preprocessing, predicted-box postprocessing, non-maximum suppression 
(NMS), and COCO metric computation, with 1 MAC converted to 2 FLOPs. The final 
parameter counts and GFLOPs are reported in Section 3.

Figure 3. Lightweight architecture of B_Lite. The orange regions indicate where the hidden dimension 
and number of object queries are modified.

2.4. SR-TCCM: Scale-Reliability-Guided Trajectory-Consistent Competition Margin Calibration
After compressing the inference architecture, no additional inference modules are 

introduced into the encoder, decoder, or detection head; instead, competition among queries 
associated with the same ground-truth object is calibrated during training. SR-TCCM uses 
the one-to-one Hungarian matching results from the final decoder layer as anchors and 
constrains only the relationship between the class scores of the matched winner query 
and unmatched competing queries; it neither alters the original matching assignments nor 
converts the competing queries into additional positive samples. Figure 4 presents the 
overall architecture of CQ-RT-DETR, in which the lower orange branch represents SR-TCCM 
and is activated only during training.

Figure 4. Network architecture of CQ-RT-DETR. The lower orange SR-TCCM branch is activated only 
during training.
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2.4.1. Persistent Competitive Query Mining
The objective of this stage is to construct, for each ground-truth object, a candidate 

pool free from cross-object interference, thereby identifying which unmatched queries may 
compete with the winner query, as illustrated in Figure 5. Let the decoder comprise 𝐿
layers, and let 𝑏(𝑙)

𝑖  denote the predicted bounding box of query 𝑖 at decoder layer 𝑙; the j-th 
ground-truth box in the current image is denoted by 𝑔𝑗. The cross-layer overlap trajectory 
of query 𝑖 with respect to target 𝑗 is defined in Equation (7):

𝑢(𝑙)
𝑖𝑗 = IoU (𝑏(𝑙)

𝑖 , 𝑔𝑗), 𝑙 = 1, … , 𝐿. (7)

Figure 5. Schematic illustration of persistent competing-query mining.

Suppose that the current image contains 𝑁𝑔 ground-truth objects. The index of the 
query matched to 𝑔𝑗 at the final decoder layer is denoted by the winner query 𝑤𝑗; ℳ  denotes 
the set of query indices matched to any ground-truth object at the final layer; and 𝑝(𝐿)

𝑖,𝑐𝑗

denotes the final-layer probability assigned by query 𝑖 to the ground-truth class 𝑐𝑗. The 
initial candidate pool for target 𝑔𝑗 is defined in Equation (8):

𝑃𝑗 =
{


𝑖 ∉ ℳ argmax
1≤𝑘≤𝑁𝑔

𝑢(𝐿)
𝑖𝑘 = 𝑗, 𝑢(𝐿)

𝑖𝑗 ≥ 𝜃𝑢, 𝑝(𝐿)
𝑖,𝑐𝑗

≥ 𝜃𝑝, 𝑢(𝐿)
𝑖𝑗 ≤ 𝑢(𝐿)

𝑤𝑗𝑗

}


(8)

where 𝜃𝑢 = 0.25 and 𝜃𝑝 = 0.03. The five conditions in Equation (8), read from left to 
right, are denoted as C1–C5. Condition C1, 𝑖 ∉ ℳ , excludes queries already matched to 
and supervised by any ground-truth object. Condition C2, argmax

1≤𝑘≤𝑁𝑔

𝑢(𝐿)
𝑖𝑘 = 𝑗, requires 𝑔𝑗 to 

be the ground-truth object with the highest final-layer IoU for query 𝑖, thereby avoiding 
cross-object interference. Condition C3, 𝑢(𝐿)

𝑖𝑗 ≥ 𝜃𝑢, removes candidates with insufficient 
localization overlap. Condition C4, 𝑝(𝐿)

𝑖,𝑐𝑗
≥ 𝜃𝑝, removes candidates with a weak classification 

response to the ground-truth class. Condition C5, 𝑢(𝐿)
𝑖𝑗 ≤ 𝑢(𝐿)

𝑤𝑗𝑗, prevents a query with better 
final-layer localization than the winner query from being treated as a suppression target.

This stage constructs only a permissive candidate pool 𝑃𝑗 and does not immediately ap-
ply a ranking loss, thereby separating candidate-eligibility assessment from the confirmation 
of persistent competition in the next stage.

2.4.2. Cross-Layer Trajectory Stability and Persistent Competing Query Selection
The set 𝑃𝑗 obtained in Stage 1 may still contain queries that happen to approach the 

target only at the final decoder layer. This stage uses the full IoU trajectory defined in 
Equation (7) to determine whether a candidate query remains associated with the same 
target across multiple decoder layers, as illustrated in Figure 6. Trajectory stability is first 
defined in Equation (9):

𝑠𝑖𝑗 = exp [

−

Var𝐿
𝑙=1 (𝑢(𝑙)

𝑖𝑗 )
𝜏𝑠

]

, 𝜏𝑠 = 0.03, 𝑖 ∈ 𝑃𝑗 (9)
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Figure 6. Schematic illustration of cross-layer trajectory stability and competitive persistence.

The variance is calculated as the population variance across the 𝐿 decoder layers. 
Smaller trajectory fluctuations yield a value of 𝑠𝑖𝑗 closer to 1; if a query approaches the 
target only briefly at a few layers, its stability decreases substantially. Next, 𝜇𝑖𝑗 denotes the 
mean overlap across decoder layers and is combined with the final-layer IoU and trajectory 
stability to measure competition persistence, as defined in Equations (10)–(12):

𝜇𝑖𝑗 =
1
𝐿

𝐿
∑
𝑙=1

𝑢(𝑙)
𝑖𝑗 , (10)

𝑑𝑖𝑗 = 𝑢(𝐿)
𝑖𝑗 𝑠𝑖𝑗(0.5 + 0.5𝜇𝑖𝑗), (11)

𝒞𝑗 = TopK𝐾 (𝒫𝑗; 𝑑𝑖𝑗), 𝐾 = 2. (12)

The score 𝑑𝑖𝑗 jointly reflects final localization quality, cross-layer trajectory stability, 
and the mean overlap throughout the decoding process. Candidate queries are ranked 
in descending order of 𝑑𝑖𝑗, and at most 𝐾 = 2 queries are retained for each ground-truth 
object to form the final persistent competition set 𝒞𝑗. Therefore, the output of this stage is no 
longer a permissive candidate pool, but query pairs (𝑤𝑗, 𝑖) supported by explicit cross-layer 
evidence and their persistence scores 𝑑𝑖𝑗; together, these serve as the inputs to Stages 3 and 4.

2.4.3. Scale Reliability and Winner Localization Advantage
Stage 2 determines which queries remain in persistent competition, but the reliability of 

different objects and winner queries varies. Small objects are more sensitive to displacements 
of only a few pixels, and applying a uniform competition strength may amplify their IoU 
fluctuations; moreover, when the winner query is only marginally better localized than 
a competing query, forcibly widening their score gap may reinforce an unstable match. 
Accordingly, this stage separately calculates object-scale reliability and winner localization 
advantage and combines them with 𝑑𝑖𝑗 to obtain a query-pair weight, as illustrated in 
Figure 7.

Let the normalized width and height of ground-truth box 𝑔𝑗 be 𝑤𝑔
𝑗  and ℎ𝑔

𝑗 , respectively, 
giving the normalized area 𝑎𝑗 = 𝑤𝑔

𝑗 ℎ𝑔
𝑗 ; 𝑎ref denotes the median normalized area of the 

ground-truth boxes in the training set. Scale reliability is defined in Equation (13):

𝑟scale
𝑗 = 𝑟min + (1 − 𝑟min)min(


1, √

𝑎𝑗

𝑎ref

)


, 𝑟min = 0.10. (13)

The square-root mapping slows the decrease in weight as the object area becomes 
smaller, allowing small objects to retain a minimum level of competition supervision while 
the weights of medium and large objects smoothly approach 1. This term depends only 
on the ground-truth box scale and does not fluctuate with the current predictions dur-
ing training.
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For 𝑖 ∈ 𝒞𝑗, the winner localization advantage is calculated from the final-layer IoU 
difference, as defined in Equation (14):

𝑔win
𝑖𝑗 = 𝜎 (



𝑢(𝐿)
𝑤𝑗𝑗 − 𝑢(𝐿)

𝑖𝑗

𝜏𝑤

)


, 𝜏𝑤 = 0.05 (14)

where 𝜎(⋅) is the sigmoid function. When the winner query and competing query have 
similar localization quality, 𝑔win

𝑖𝑗  approaches 0.5 and the ranking constraint is weakened; 
when the winner query has a clear localization advantage, the gate gradually approaches 1. 
The final outputs of Stage 3 are calculated using Equations (15) and (16):

𝜔𝑖𝑗 = 𝑑𝑖𝑗 𝑟scale
𝑗 𝑔win

𝑖𝑗 , (15)

𝑚𝑖𝑗 = 𝑚0 + 𝜆𝑚𝑑𝑖𝑗, 𝑚0 = 0.02, 𝜆𝑚 = 0.10. (16)

Here, 𝜔𝑖𝑗 determines the contribution of the query pair to the ranking loss, whereas 𝑚𝑖𝑗
adaptively specifies the required score margin according to the persistence of the competi-
tion. Thus, the persistence score 𝑑𝑖𝑗 produced by Stage 2 is transformed into a weight–margin 
pair that can be used directly in Stage 4: greater persistence, higher scale reliability, and a 
clearer winner advantage result in a stronger ranking constraint in the subsequent stage.

Figure 7. Schematic illustration of scale reliability and winner localization advantage.

2.4.4. Budgeted Adaptive Margin Ranking Loss
Stage 4 receives the final competition set 𝒞𝑗, query-pair weights 𝜔𝑖𝑗, and adaptive 

margins 𝑚𝑖𝑗. Its objective is to make the logit of a reliable winner query for the ground-truth 
class higher than that of a persistent competing query associated with the same target, 
without altering the original one-to-one definition of positive and negative samples, as 
illustrated in Figure 8. Let the final-layer logits of the winner query and competing query 
for class 𝑐𝑗 be 𝑧𝑤𝑗,𝑐𝑗

 and 𝑧𝑖,𝑐𝑗
, respectively. Equation (17) defines the temperature-smoothed, 

weighted margin-ranking loss:

ℒrank =
∑𝑗∈𝐺 ∑𝑖∈𝒞𝑗

𝜔𝑖𝑗 𝑇 log [1 + exp (
𝑧𝑖,𝑐𝑗−𝑧𝑤𝑗,𝑐𝑗+𝑚𝑖𝑗

𝑇 )]

max(∑𝑗∈𝐺 ∑𝑖∈𝒞𝑗
𝜔𝑖𝑗, 𝜀)

, 𝑇 = 0.20, 𝜀 = 10−6 (17)

where G denotes the index set of ground-truth objects in the current batch, and 𝜀 = 10−6 is 
a numerical-stability constant. In the implementation, the normalization denominator is 
clamped to a minimum of ε; when no valid competing query exists, the ranking loss is set to 
zero. The loss compares only the winner query and persistent competing queries associated 
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with the same ground-truth object. It neither relabels competing queries as positive samples 
nor alters the Hungarian matching results; its purpose is to improve query-score ranking 
rather than introduce an additional detection branch.

Figure 8. Schematic illustration of the budget-constrained adaptive margin ranking loss.

To avoid introducing excessively strong supervision before the matching relationships 
stabilize early in training, the activation epoch is set to 𝑒0 = 30 and the linear ramp-up 
period to 𝐸𝑟 = 20. The scheduling coefficient is defined in Equation (18):

𝜆(𝑒) =
{


0, 𝑒 < 𝑒0,
min (1, 𝑒−𝑒0+1

𝐸𝑟
), 𝑒 ≥ 𝑒0.

(18)

Let 𝜂 = 0.10 denote the ranking-loss coefficient, and let 𝜅 = 0.03 denote the budget 
ratio relative to the Varifocal Loss (VFL) [33] at the final decoder layer. The unclipped 
auxiliary term, budget cap, and final SR-TCCM loss are given in Equations (19), (20), and 
(21), respectively:

∼
ℒ𝑆𝑅 = 𝜂 𝜆(𝑒) ℒrank, (19)

𝐵(𝑒) = 𝜅 𝜆(𝑒) ℒ final
vfl , (20)

ℒ𝑆𝑅 = min (
∼
ℒ𝑆𝑅, 𝐵(𝑒)). (21)

The budget constraint ensures that the additional ranking term never exceeds 3% of the 
final-layer Varifocal Loss at any stage of training, thereby preventing the ranking objective 
from dominating the original classification and localization optimization. When the budget 
cap is calculated, gradient propagation through the VFL value used as the scale reference is 
stopped so that the auxiliary branch cannot alter the optimization direction of the original 
loss through the budget calculation. The final training objective is defined in Equation (22):

ℒtotal = ℒRT−DETRv2 + ℒ𝑆𝑅. (22)

In summary, Stage 1 produces the candidate pool 𝑃𝑗; Stage 2 refines it into the persistent 
competition set 𝒞𝑗 and yields 𝑑𝑖𝑗; Stage 3 combines competition persistence, scale reliability, 
and winner advantage to obtain 𝜔𝑖𝑗 and 𝑚𝑖𝑗; and Stage 4 produces the budget-constrained 
loss ℒ𝑆𝑅. SR-TCCM does not modify the hybrid encoder, Transformer decoder, prediction 
heads, Hungarian matching, or postprocessing. The branch is completely removed after 
training; therefore, CQ-RT-DETR and B_Lite have identical inference parameter counts, 
GFLOPs, and ONNX inference computation graphs.

2.5. Training Configuration and Evaluation Metrics
RT-DETRv2, B_Lite, and CQ-RT-DETR use the same data partition, 384 × 384 input 

size, 80 training epochs, batch sizes, repeated-sampling sequence, optimizer, learning-rate 
schedule, and data augmentation. Cross-framework comparisons standardize only the data 
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partition, input size, and training duration; pretraining, sampling, optimization, learning-
rate scheduling, and data augmentation for YOLO and D-FINE follow their respective 
official implementations. The RT-DETR-series configuration is provided in Table 2, and the 
cross-framework training protocols are provided in Supplementary Table S1. Except for the 
final robustness evaluation, the structural comparisons, ablation experiments, parameter-
sensitivity analysis, and query-behavior analysis use a fixed random seed of 42 and are 
evaluated on the validation set. The final robustness evaluation uses five random seeds; the 
best weights for each model are selected on the validation set and then evaluated only on 
the test set. The test set is not used for model selection or parameter tuning. Table 3 lists 
the SR-TCCM training parameters to facilitate reproducibility.

Table 2. Main experimental environment and training configuration for the RT-DETR series.

Item Setting

Hardware NVIDIA RTX 3080 Ti 12 GB; Intel Xeon Silver 4214R CPU; 90 GB RAM
Software framework Ubuntu 22.04; PyTorch 2.8.0 + cu128; RT-DETRv2 PyTorch

Input resolution 384 × 384
Epochs 80

Batch size Training: 8; validation: 16
Optimizer AdamW

Initial learning rate 1 × 10−4 
Mixed precision AMP

Random seeds
Primary experiments: 42; final robustness evaluation: 42, 3407, 5903, 45, 

and 46
Primary metrics COCO AP50–95, AP50, AP75, APs, APm, APl, and AR

Weight decay AdamW: 1 × 10−4 ; Norm/BN: 0; beta = (0.9, 0.999)

Learning-rate schedule
LinearWarmup for the first 2000 iterations, increasing from approximately 

1 × 10−7  to 1 × 10−4 , followed by a constant learning rate of 1 × 10−4  through 
epoch 80

Pretrained True

Data augmentation
PhotometricDistort (p = 0.5), fixed resize to 640, RandomZoomOut, 

RandomIoUCrop (p = 0.8), horizontal flipping, and final resize to 384
Multiscale training None

Decoder configuration B_Lite/CQ: 3 decoder layers; 100 queries
Original detection-loss weights VFL:L1 bbox:GIoU = 1:5:2

Hungarian-matcher weights class:bbox:GIoU = 2:5:2

The SR-TCCM hyperparameters in Table 3 are fixed before training. Conservative values 
are selected on the basis of method-development experience, the ranges of the relevant 
variables, and the principle of weak intervention; no exhaustive search is performed. The 
quantities that vary dynamically during training are sample-dependent weights, adaptive 
margins, and the actual loss cap, rather than the hyperparameters listed in the table. All 
parameter comparisons are conducted on the validation set, and the test set is not involved 
in parameter selection.

The COCO evaluation protocol is adopted [34]. AP50–95 is the mean AP over IoU 
thresholds from 0.50 to 0.95 at intervals of 0.05:

AP50−95 =
1

10

9
∑
𝑘=0

AP0.50+0.05𝑘 (23)

For the final five-seed robustness evaluation, the best checkpoint for each model was 
selected on the validation set and evaluated once on the same test set.
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Table 3. Training parameters of SR-TCCM.

Parameter Description Value

𝜃𝑢 Minimum final-layer IoU for competing candidates 0.25
𝜃𝑝 Minimum probability for the ground-truth class 0.03
𝜏𝑠 Trajectory-stability temperature 0.03

K
Maximum number of persistent competing queries per 

ground-truth object
2

𝑟𝑚𝑖𝑛 Lower bound of scale reliability 0.1
𝜏𝑤 Winner-localization-advantage temperature 0.05
𝑚0 Base margin 0.02
𝜆𝑚 Adaptive-margin increment coefficient 0.1
𝑇 Margin-ranking temperature 0.2
𝑒0 SR-TCCM activation epoch 30
𝐸𝑟 Linear ramp-up period 20
𝜂 Ranking-loss coefficient 0.1
𝜅 VFL–budget ratio 0.03

2.6. RKNN Deployment and Testing
Because both structural compression and query calibration are designed specifically 

for RT-DETRv2, the board-level deployment experiment compares only RT-DETRv2, B_Lite, 
and CQ-RT-DETR to examine the speed changes from the original model to the structurally 
compressed model and the final model. All three models are exported as ONNX models 
with a fixed input shape of 1 × 3 × 384 × 384 [35] and converted using RKNN-Toolkit2 
2.3.2 into FP16 RKNN models for the RK3576 platform. The YOLO series is used only for 
cross-model detection-performance comparisons and is not included in the board-level 
deployment experiment.

Testing is performed on a DC-A576 development board equipped with an RK3576, 
running Ubuntu 22.04 with RKNN Runtime/RKNNLite2 2.3.2 and RKNPU driver 0.9.8. 
The tests use a 384 × 384 input, a batch size of 1, and both NPU cores. After 50 warm-up 
runs, each model performs 300 consecutive inferences using cached input, from which mean 
forward-pass latency and FPS are calculated. Timing covers only model forward execution 
and excludes image loading, preprocessing, postprocessing, communication, and actuator 
response. Detection accuracy is calculated with the original PyTorch FP32 weights on the 
566-image test set using COCO eval; the board-level FP16 models are used only for speed 
testing, and AP is not recalculated for them.

3. Results
3.1. Structural Compression Results and Scale-Specific Effects

After the hidden dimension d of the original RT-DETRv2 is reduced from 256 to 192 
and the number of object queries from 300 to 100, the parameter count of B_Lite decreases 
from 20.097 M to 16.694 M (a reduction of 16.93%) while GFLOPs decrease from 22.947 
to 17.581 (a reduction of 23.38%). Meanwhile, AP50–95 decreases from 0.8799 to 0.8684, 
corresponding to an absolute decrease of 0.0115 (1.15 percentage points; a relative decrease 
of 1.31%). Table 4 summarizes the principal metrics before and after structural compression.

To further examine the effect of structural compression on objects at different scales, 
Table 5 presents the scale-specific results for B_Lite and the original RT-DETRv2. The 
relative AP decreases in B_Lite for medium and large objects are only 4.62% and 1.29%, 
respectively, whereas small-object AP decreased from 0.267 to 0.161, a relative reduction 
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of 39.70%, indicating that small objects are more sensitive to compression of the channel 
width and query budget. Notably, small-object AR increased from 0.573 to 0.644 despite 
the pronounced decrease in AP. This pattern suggests that the model continued to cover 
some small-object candidates, but their localization quality or confidence ranking may have 
become unstable.

Table 4. Model size, computational cost, and accuracy before and after structural compression.

Model RT-DETRv2 B_Lite Change

Hidden dimension 256 192 −25%
Number of object queries 300 100 −66.67%
Trainable parameters (M) 20.097 16.694 −16.93%

GFLOPs 22.947 17.581 −23.38%
AP50–95 0.8799 0.8684 −0.0115 (−1.31%)

Note: Results were evaluated on the validation set of 565 images.

Table 5. Scale-specific performance changes in B_Lite relative to RT-DETRv2.

Metric RT-DETRv2 B_Lite Change

AP50–95@small 0.267 0.161 −39.70%
AP50–95@medium 0.628 0.599 −4.62%

AP50–95@large 0.932 0.920 −1.29%
AR50–95@small 0.573 0.644 12.39%

AR50–95@medium 0.858 0.840 −2.10%
AR50–95@large 0.965 0.951 −1.45%

Note: Results were evaluated on the validation set of 565 images.

3.2. Accuracy Recovery with SR-TCCM
After the training-only SR-TCCM mechanism was added to B_Lite, the parameter count 

and GFLOPs of CQ-RT-DETR remained unchanged at 16.694 M and 17.581, respectively, 
while AP50–95 increased from 0.8684 to 0.8842. This represents an absolute gain of 1.58 per-
centage points (a relative improvement of 1.82%); compared with the original RT-DETRv2, 
AP50–95 increased by 0.43 percentage points (a relative improvement of 0.49%). As shown 
in Table 6, SR-TCCM recovered the accuracy lost through structural compression without 
increasing inference-graph complexity.

Table 6. Overall performance before and after introducing SR-TCCM.

Model RT-DETRv2 B_Lite With SR-TCCM
Change

(vs. RT-DETRv2)
Change

(vs. B_Lite)

Hidden dimension 256 192 192 −25% /
Number of object queries 300 100 100 −66.67% /
Trainable parameters (M) 20.097 16.694 16.694 −16.93% /

GFLOPs@384 22.947 17.581 17.581 −23.38% /

AP50–95 0.8799 0.8684 0.8842
+0.0043

(+0.49%)
+0.0158 

(+1.82%)
Note: Results were evaluated on the validation set of 565 images.

The scale-specific results are presented in Table 7. With the fixed random seed of 42 
on the validation set, CQ-RT-DETR increases small-, medium-, and large-object AP from 
0.161, 0.599, and 0.920 for B_Lite to 0.282, 0.647, and 0.930, respectively. Small-object AR 
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decreases from 0.644 to 0.589 but remains above the 0.573 obtained by the original model. 
This single validation run is used to describe the direction of change rather than to support 
a claim of statistical significance; the scale-specific means and standard deviations from the 
five-seed evaluation on the test set are reported in Section 3.7.

Table 7. Scale-specific performance before and after introducing SR-TCCM.

Metric RT-DETRv2 B_Lite CQ-RT-DETR

AP50–95@small 0.267 0.161 0.282
AP50–95@medium 0.628 0.599 0.647

AP50–95@large 0.932 0.920 0.930
AR50–95@small 0.573 0.644 0.589

AR50–95@medium 0.858 0.840 0.855
AR50–95@large 0.965 0.951 0.956

Note: Results were evaluated on the validation set of 565 images.

3.3. Ablation Study
To distinguish the effects of the two structural-compression factors, a 2 × 2 ablation 

experiment is conducted. As shown in Table 8, when the hidden dimension remains at 
256, reducing the number of object queries from 300 to 100 decreases AP50–95 by 0.0046 
and GFLOPs by 4.90%, while leaving the parameter count unchanged. When the num-
ber of queries remains at 300, reducing the hidden dimension from 256 to 192 decreases 
AP50–95 by 0.0083 and reduces the parameter count and GFLOPs by 16.93% and 19.03%, 
respectively. Joint compression in B_Lite reduces the parameter count from 20.097 M to 
16.694 M and GFLOPs from 22.947 to 17.581, while AP50–95 decreases from 0.8799 to 0.8684. 
These results indicate that hidden-dimension compression is the main source of both the 
complexity reduction and the initial accuracy loss, whereas query-budget compression 
has a smaller effect on overall accuracy and primarily provides an additional reduction 
in decoder computation. No pronounced compounding degradation is observed when 
the two compression operations are combined, providing a lightweight basis on which 
SR-TCCM can subsequently recover the compression-induced accuracy loss.

Table 8. Structural ablation of the hidden dimension and query budget.

Hidden 
Dimension

Object 
Queries

Parameters 
(M)

GFLOPs AP50–95

256 300 20.097 22.947 0.8799
256 100 20.097 21.721 0.8753
192 300 16.694 18.495 0.8716
192 100 16.694 17.581 0.8684

As shown in Table 9, the complete CQ-RT-DETR achieves the highest AP50–95 (0.8842). 
With all other settings held constant, removing trajectory screening, scale reliability, or the 
winner localization advantage decreases AP50–95 by 0.0070, 0.0052, and 0.0043, respec-
tively. Replacing the adaptive margin with a fixed margin or removing the loss budget 
decreases AP50–95 by 0.0024 and 0.0040, respectively. These single-factor validation results 
are consistent with the intended roles of the components, with trajectory screening and 
scale reliability showing relatively larger effects.
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Table 9. Ablation analysis of SR-TCCM.

Variant Only Change AP50–95 APs APm APl

B_Lite Without SR-TCCM 0.8684 0.161 0.599 0.920

E1
Trajectory screening 

removed
0.8772 0.166 0.624 0.927

E2 Scale reliability removed 0.8790 0.170 0.615 0.929

E3
Winner localization 
advantage removed

0.8799 0.255 0.619 0.929

E4 Fixed margin 0.8818 0.152 0.632 0.930
E5 Loss budget removed 0.8802 0.263 0.623 0.929

CQ-RT-DETR Complete model 0.8842 0.282 0.647 0.930
Note: Results were evaluated on the validation set of 565 images.

3.4. Query-Competition Behavior Analysis
To analyze the effects of structural compression and SR-TCCM on query behavior, offline 

statistics are calculated on the fixed validation set. The final-layer Hungarian-matched query 
is treated as the winner, and the initial competition set 𝑃𝑗 and persistent competition set 𝐶𝑗
are determined according to Equations (8)–(12). The 95% confidence intervals are estimated 
from 20,000 paired bootstrap resamples using the ground-truth object as the sampling unit.

As shown in Table 10, the joint structural compression from RT-DETRv2 to B_Lite 
changes both the hidden dimension and the query budget. The competition occurrence rate 
subsequently increases from 73.98% to 89.35%, while the numbers of initial and persistent 
competing queries increase from 5.419 and 1.337 to 7.125 and 1.684, respectively. These 
changes are consistent with the hypothesis of stronger same-target query competition after 
compression, but they cannot be attributed to query-budget compression alone. Relative to 
B_Lite, CQ-RT-DETR reduces the competition occurrence rate to 81.51% and the numbers 
of initial and persistent competing queries to 3.762 and 1.460, respectively, while increasing 
the winner–competitor logit gap from 5.585 to 5.933. The ranking-reversal rate changes only 
slightly, and the rate at which the final-layer winner retains the highest IoU across decoder 
layers does not increase. Thus, the present evidence mainly supports an association of 
SR-TCCM with fewer redundant competing queries and stronger separation of class scores.

Table 10. Query-competition behavior statistics.

Metric RT-DETRv2 B_Lite CQ-RT-DETR

Number of queries 300 100 100
Competition occurrence rate (%) 73.98 [71.18, 76.77] 89.35 [87.31, 91.29] 81.51 [79.03, 83.98]

Initial competing queries/GT 5.419 [4.958, 5.898] 7.125 [6.605, 7.671] 3.762 [3.523, 4.014]
Persistent competing queries/GT 1.337 [1.281, 1.391] 1.684 [1.641, 1.726] 1.460 [1.410, 1.511]

Final-layer winner retained as top-IoU 
query across layers (%)

62.08 [59.39, 64.73] 77.26 [74.95, 79.57] 63.55 [60.97, 66.09]

Winner–competitor logit gap 5.715 [5.567, 5.856] 5.585 [5.461, 5.706] 5.933 [5.801, 6.061]
Ranking-reversal rate (%) 1.13 [0.50, 1.85] 1.09 [0.52, 1.72] 1.25 [0.65, 1.95]

Note: Results were evaluated on the validation set of 565 images.

3.5. Sensitivity Analysis of Key Parameters
To determine whether the performance gain depends on fine-grained tuning, eight 

single-factor sensitivity experiments are conducted for four key parameters. As shown 
in Table 11, six of the eight alternative settings perform below the default configuration. 
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Although 𝜃𝑢 = 0.20 and 𝜏𝑠 = 0.05 yield slightly higher values than their defaults, the overall 
differences are small; K = 2 and 𝜅 = 0.03 perform best within their respective parameter 
groups. These results indicate that SR-TCCM does not depend on a unique, finely searched 
parameter combination, although the trajectory-screening strength, number of competing 
queries, and loss budget must remain within reasonable ranges.

Table 11. Sensitivity analysis of four key hyperparameters.

Parameter Lower Value Default Value Higher Value

𝜃𝑢 0.20: 0.8874 0.25: 0.8842 0.30: 0.8806
𝜏𝑠 0.02: 0.8692 0.03: 0.8842 0.05: 0.8856
K 1: 0.8717 2: 0.8842 3: 0.8771
𝜅 0.01: 0.8832 0.03: 0.8842 0.05: 0.8775

Note: Results were evaluated on the validation set of 565 images.

3.6. Comparison with Other Detection Models
To compare different detection architectures, YOLOv8n [36], YOLOv8m [36],

YOLO11n [37], YOLO11m [37], YOLO26n [38], YOLO26m [38], and D-FINE-M [39] are 
trained using the same data partition, a 384 × 384 input, and 80 training epochs, while 
framework-specific sampling, pretraining, optimization, and augmentation strategies follow 
their respective official implementations. The results are presented in Table 12. The AP50 of 
CQ-RT-DETR is 0.9392, only 0.0009 below the highest value of 0.9401 obtained by YOLOv8m; 
its AP75 and AP50–95 values are 0.9127 and 0.8842, which are 0.0040 and 0.0034 below the 
corresponding highest values. Its parameter counts and GFLOPs are 35.4% and 38.0% lower 
than those of YOLOv8m and 18.0% and 28.1% lower than those of YOLO26m, respectively. 
Compared with the original RT-DETRv2, CQ-RT-DETR maintains comparable accuracy 
while using fewer parameters and GFLOPs. Thus, under the present protocol, CQ-RT-DETR 
provides a favorable accuracy–complexity trade-off, but the results do not imply that it 
is more accurate than every comparison model. Published studies on CottonWeedDet12 
use different data partitions, input sizes, training epochs, augmentation strategies, and 
evaluation protocols; their results therefore cannot be ranked directly against those of the 
present study [40]. These published results are summarized in Supplementary Table S2 for 
background reference only.

Table 12. Performance comparison among different detection models.

Model AP50 AP75 AP50–95
Parameters 

(M)
GFLOPs

YOLOv8n 0.918 0.893 0.859 3.008 2.915
YOLOv8m 0.9401 0.9138 0.8866 25.847 28.341
YOLO11n 0.903 0.867 0.838 2.584 2.277
YOLO11m 0.9351 0.9167 0.8841 20.039 24.371
YOLO26n 0.9104 0.8847 0.8459 2.377 1.872
YOLO26m 0.9390 0.9165 0.8876 20.359 24.442
D-FINE-M 0.9371 0.9123 0.8823 22.595 19.485

RT-DETRv2 0.9354 0.9121 0.8799 20.097 22.947
CQ-RT-DETR 0.9392 0.9127 0.8842 16.694 17.581

Note: Results were evaluated on the validation set of 565 images.
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3.7. Robustness Analysis
To examine robustness to random initialization, RT-DETRv2, B_Lite, and CQ-RT-DETR 

are trained under the same settings using the same five random seeds: 42, 3407, 5903, 45, 
and 46. As shown in Table 13, structural compression reduces mean AP50–95 from 0.8867 
to 0.8691; after SR-TCCM is introduced, CQ-RT-DETR reaches 0.8892, and its improvement 
over B_Lite is consistent across all five seeds. Because the difference between CQ-RT-
DETR and RT-DETRv2 is not significant, the primary contribution lies in recovering the 
compression-induced accuracy loss and improving the accuracy–efficiency trade-off.

Table 13. Performance of different models across five random seeds.

Model AP50–95 AP (Small) AP (Medium) AP (Large)

RT-DETRv2 0.8867 ± 0.0032 0.2709 ± 0.0236 0.6323 ± 0.0302 0.9266 ± 0.0024
B_Lite 0.8691 ± 0.0030 0.1625 ± 0.0312 0.6145 ± 0.0131 0.9206 ± 0.0014

CQ-RT-DETR 0.8892 ± 0.0044 0.2733 ± 0.0432 0.6152 ± 0.0120 0.9296 ± 0.0041
Note: Values are the mean ± standard deviation across five random seeds on the test set of 566 images. 
CQ-RT-DETR improves mean AP50–95 by 2.012 percentage points over B_Lite (95% CI: [1.411, 2.613], 
p = 0.0007) and by 0.255 percentage points over RT-DETRv2; the latter difference is not significant 
(p = 0.4127).

To analyze class-specific performance, detection results are calculated for all 12 weed 
classes, as shown in Figure 9; detailed values are provided in Supplementary Tables S3 and 
S4. Relative to B_Lite, CQ-RT-DETR improves AP50–95 for 7 classes and AR100 for 9 classes, 
with AP50–95 gains of 0.1332 and 0.0729 for Carpetweed and Ragweed, respectively. Relative 
to RT-DETRv2, CQ-RT-DETR provides broadly comparable class-specific AP, while AR100 
increases for all 12 classes. Because some classes contain relatively few ground-truth boxes 
in the test set, the class-specific results may still exhibit substantial variability.

Figure 9. Class-wise detection performance of the three models on the test set. Results are averaged 
over five random seeds, and n denotes the number of ground-truth bounding boxes for each class.
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3.8. RKNN Deployment Performance
Table 14 reports the model-level mean forward-pass latency, FPS, and model size of 

RT-DETRv2, B_Lite, and CQ-RT-DETR on the RK3576 platform. Relative to RT-DETRv2, 
CQ-RT-DETR reduces mean forward-pass latency by 54.57%, while increasing FPS from 6.69 
to 14.7. CQ-RT-DETR and B_Lite have nearly identical speeds, confirming that SR-TCCM 
introduces no inference-time overhead.

Table 14. Deployment performance of the three RT-DETRv2-series models on the RK3576 platform.

Model
Mean Forward-Pass 

Latency (ms)
FPS Model Size (MB)

RT-DETRv2 149.44 6.69 45.56
B_Lite 67.56 14.8 38.39

CQ-RT-DETR 67.89 14.7 38.39
Note: The development board is operated in performance mode, and both RK3576 NPU cores are 
invoked using NPU_CORE_ALL. The input size is 384 × 384 with a batch size of 1. Each model is 
warmed up for 50 runs and then executed continuously for 300 inferences. The reported latency 
covers only model forward execution.

4. Discussion
The performance degradation after structural compression cannot be attributed to a 

single factor. Across the five-seed evaluation on the test set, mean AP50–95 decreases from 
0.8867 for RT-DETRv2 to 0.8691 for B_Lite, while small-object AP decreases from 0.2709 
to 0.1625 and the changes for medium and large objects are smaller. Together with the 
2 × 2 ablation results, these findings indicate that hidden dimension compression is the main 
source of the accuracy loss, whereas query-budget compression has a smaller effect. The 
query-behavior statistics further show that the competition occurrence rate and the number 
of competing queries increase after joint compression. These observations are consistent 
with the hypothesis of intensified query competition, but they may also be influenced by 
reduced feature-representation capacity, class imbalance, and annotation noise.

SR-TCCM addresses the above hypothesis through training-time calibration. Across 
the five-seed evaluation on the test set, it increases the mean AP50–95 of B_Lite from 0.8691 
to 0.8892 and small-object AP from 0.1625 to 0.2733, while maintaining overall accuracy 
comparable to that of RT-DETRv2. Query-behavior analysis further associates CQ-RT-
DETR with a lower competition occurrence rate, fewer persistent competing queries, and a 
larger logit gap. The ranking-reversal rate changes only slightly, whereas the cross-layer 
highest-IoU retention rate decreases rather than increases. Thus, the current evidence 
supports an association of SR-TCCM with accuracy recovery in the compressed model and 
improved query-score separation, but it is insufficient to establish query competition as the 
sole mechanism.

This study has several limitations. First, the experiments are based only on Cotton-
WeedDet12, and generalization across regions, imaging devices, and crop scenarios requires 
validation on external datasets. Second, the deployment results are forward-pass bench-
marks for FP16 RKNN models on the RK3576 platform; they exclude image acquisition, 
preprocessing, postprocessing, communication, and actuator response and therefore cannot 
be interpreted as the end-to-end latency of a complete spraying system. Third, SR-TCCM de-
pends on the winner query produced by Hungarian matching. When matching is unstable 
early in training or annotation noise is substantial, excessively strong ranking supervision 
may be detrimental; delayed activation and a loss budget are therefore used to constrain 
its influence. The five-seed experiments and query-behavior statistics improve the credi-
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bility of the results but remain correlational evidence from a single dataset and hardware 
platform. Future work should evaluate additional datasets, compression strengths, and 
hardware platforms.

5. Conclusions
This study proposes CQ-RT-DETR for multiclass weed detection in natural cotton 

fields. In the first stage, the hidden dimension of RT-DETRv2 is reduced from 256 to 192 and 
the number of object queries from 300 to 100, decreasing the parameter count from 20.097 
M to 16.694 M and GFLOPs from 22.947 to 17.581. Across five random seeds on the test set, 
structural compression decreases mean AP50–95 from 0.8867 to 0.8691 and small-object AP 
from 0.2709 to 0.1625, showing that the efficiency gain is accompanied by a measurable loss 
of accuracy.

In the second stage, cross-layer IoU trajectories, ground-truth box scale, and the winner 
query’s localization advantage are used to impose budget-constrained adaptive margin 
ranking on persistent queries competing for the same target. Across the five-seed experiment, 
CQ-RT-DETR achieves a mean AP50–95 of 0.8892, improving by 2.01 percentage points over 
B_Lite, while reducing the parameter count and GFLOPs by 16.93% and 23.38%, respectively, 
relative to RT-DETRv2; its difference in accuracy from RT-DETRv2 is not significant. In the 
FP16 model-level test on the RK3576 platform, mean forward-pass latency decreases from 
149.44 ms to 67.89 ms and FPS increases from 6.69 to 14.7. The principal advantage of CQ-
RT-DETR is therefore its ability to recover the compression-induced accuracy loss without 
increasing inference-graph complexity and to provide a favorable accuracy–efficiency trade-
off under the present dataset and hardware conditions.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/agronomy16181760/s1. Table S1: Training configuration for dif-
ferent detection frameworks; Table S2: Published CottonWeedDet12 detection results (different 
experimental protocols; for background reference only); Table S3: Class-wise performance for the 12 
weed classes (means across five seeds); Table S4: Standard deviations of class-wise performance for 
the 12 weed classes.
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AP Average Precision
AR Average Recall
IoU Intersection over Union
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