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Abstract—To address the critical challenge of balancing
accuracy and efficiency in real-time object detection, this
paper proposes a lightweight-enhanced RT-DETR detector.
Our method achieves coordinated optimization at both the
backbone and encoder levels. First, a novel C2f-SCSPA module
is introduced to replace the original ResNet backbone. It
integrates a Synergistic Channel-Space-Pixel Attention (SCSPA)
mechanism within an efficient C2f architecture, facilitating
adaptive semantic refinement and multi-scale information ag-
gregation during feature extraction. Second, a Multi-Scale
Adaptive Gated Fusion (MSAGF) module is incorporated at
the encoder level, enabling context-aware and spatially adaptive
fusion for effective cross-scale feature interaction. Compre-
hensive experiments on the MS COCO dataset demonstrate
that the proposed model achieves a significant improvement,
with mAPS0 rising to 68.29% and mAP@0.5-0.95 to 50.5%.
Evaluated on the PASCAL VOC dataset, it attains a competitive
mAP@0.5 of 82.4% while maintaining a lightweight profile of
merely 9.9M parameters and 19.2 GFLOPs. Remarkably, the
model delivers a high inference speed of 27 FPS on an NVIDIA
Jetson Orin Nano edge device. These results validate its superior
balance between accuracy and efficiency, showcasing strong
potential for practical, resource-constrained applications.

I. INTRODUCTION

Object detection is a core computer vision task that
requires balancing accuracy and speed for real-time applica-
tions like autonomous driving. Complex scenarios demand
models with strong multi-scale perception and feature fu-
sion capabilities. Current mainstream approaches are based
on convolutional or Transformer architectures: the YOLO
series maintains leading real-time performance through its
grid prediction and multi-scale mechanisms, but its reliance
on post-processing such as non-maximum suppression may
introduce latency and suboptimal results. End-to-end detec-
tors represented by RT-DETR [1] streamline the pipeline
by employing Transformer encoder-decoder architecture for
direct set prediction while preserving real-time efficiency.

Despite significant progress, RT-DETR still exhibits sev-
eral limitations. First, RT-DETR employs a RetNet backbone.
While offering strong feature extraction, it introduces high
computational cost due to its complex architecture, making it
less suitable for strictly resource-constrained environments.
Second, during feature fusion, the model primarily relies on
feature map splitting and convolutional operations, lacking
explicit global context modeling and an adaptive fusion
mechanism. This restricts the model’s feature discriminabil-
ity and generalization in complex scenes.
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To address these challenges, we propose two novel mod-
ules: C2f-SCSPA for backbone enhancement and MSAGF
for encoder fusion. The C2f-SCSPA module introduces a
Synergistic Channel-Space-Pixel Attention (SCSPA) mech-
anism into the efficient C2f architecture, which allows the
backbone network to adaptively focus on regions of varying
detection difficulty, enhancing feature representation quality
while maintaining low computational overhead. The Multi-
Scale Adaptive Gated Fusio (MSAGF) module employs
a context-aware and spatially adaptive fusion strategy to
dynamically establish connections across multi-scale features
in the encoder. By adaptively weighting and fusing features
based on their semantic importance and spatial context,
MSAGEF enables more refined and flexible feature interac-
tion.

Through the synergistic integration of C2f-SCSPA and
MSAGF into the RT-DETR framework, we build a de-
tection architecture that balances discriminative power and
efficiency. The enhanced backbone provides richer and more
adaptive multi-scale features, while the intelligent fusion
mechanism ensures optimal integration of these features,
leading to a holistic improvement in detection accuracy and
computational efficiency.

The main contributions of this paper are summarized
as follows: (i) For the backbone network, we propose the
C2f-SCSPA module, which effectively enhances the model’s
discriminative power and representational capacity for multi-
scale features; (ii) For the encoder design, we propose
the MSAGF module, which employs a context-aware and
spatially adaptive fusion strategy to improve the interaction
and fusion efficiency across features at different scales; (iii)
The proposed approach achieves comprehensive improve-
ments in detection accuracy and robustness within the RT-
DETR framework, delivering strong performance on standard
benchmarks such as COCO [2] and VOC [3], while striking
an excellent balance between efficiency and performance.

II. RELATED WORK

Research on real-time object detectors has consistently
pursued an optimal trade-off between accuracy and inference
speed. The technological evolution in this field can be
broadly categorized into two distinct eras: the conventional
Convolutional Neural Network (CNN) era and the subse-
quent Transformer-integrated era.

During the CNN-dominant period, the research focus cen-
tered on optimizing convolutional architectures and detection
head designs. YOLOvVI [4] is the first CNN-based one-stage
object detector to achieve true real-time object detection.



And SSD [5] established an efficient foundation for single-
stage detectors by enabling direct predictions on multi-
scale feature maps. YOLOvS [6] further systematized this
approach by introducing components like the C3 module and
adaptive anchor computation, achieving a robust accuracy-
speed balance in practical deployment. A common charac-
teristic of models from this era was their heavy reliance on
hand-crafted components, such as predefined anchor boxes,
and post-processing steps like Non-Maximum Suppression
(NMYS).

The introduction of DETR [7] in 2020 marked a paradigm
shift towards end-to-end object detection based on set pre-
diction, offering a simplified pipeline free of manual design
heuristics. However, its initial formulation suffered from slow
convergence and high computational complexity. Subsequent
research has primarily focused on mitigating these bottle-
necks, leading to a clear trajectory of improvements.

Deformable DETR [8] addressed the computational issue
by proposing a deformable attention mechanism, which
restricts each query’s attention to a sparse set of key sampling
points, significantly reducing complexity and accelerating
convergence. Concurrently, Conditional DETR [9] facilitated
training by decoupling content and spatial attention, enabling
more precise spatial localization. To stabilize the challenging
bipartite matching process during training, DN-DETR [10]
introduced a denoising training strategy that guides the
model by reconstructing corrupted ground-truth annotations.
Another line of work sought to ground the abstract object
queries. DAB-DETR [11] reformulated queries as dynamic
anchor boxes, providing explicit spatial priors from the onset
of training . Building upon these advances, DINO [12]
comprehensively integrated techniques including contrastive
denoising training and dynamic anchor initialization, and
employed a mixed query selection mechanism to achieve
state-of-the-art performance.

The drive towards real-time application spurred further ar-
chitectural innovations. The pursuit of real-time performance
has driven further architectural innovations aimed at reducing
computational overhead. Efficient DETR [13] and Sparse
DETR [14] decrease computational cost by strategically
reducing the number of encoder/decoder layers or selectively
updating a sparse set of object queries, respectively. Fol-
lowing this direction, Lite DETR [15] alleviates redundancy
through an alternating update scheme for multi-scale encoder
features. Similarly, Focus DETR [16] reduces computation
by filtering out background regions, allowing the model to
concentrate attention on more promising foreground areas..
This progression culminated in RT-DETR [1], which re-
alized high-performance real-time inference for an end-to-
end Transformer detector via an efficient hybrid encoder
and an IoU-aware query selection mechanism, representing
a significant milestone.

In parallel, the YOLO series has sustained its evolution
by strategically integrating advancements from the end-to-
end paradigm. YOLOvV8 [17] enhanced its backbone archi-
tecture with the C2f module and refined its training objective
through a Task-aligned Assigner, achieving a more robust

balance between accuracy and inference speed. Building
upon this, YOLOV9 [18] introduced innovative concepts like
Programmable Gradient Information (PGI) and the Gener-
alized Efficient Layer Aggregation Network (GELAN) to
strengthen gradient flow and feature representation capa-
bilities. Following this trajectory, YOLOvIO [19] made a
significant architectural shift by adopting a fully end-to-
end design, eliminating NMS through dual label assignment
and incorporating a Partial Self-Attention (PSA) module for
enhanced global context modeling. The subsequent develop-
ment, YOLOvI11 [20], has focused extensively on practical
deployment efficiency, leveraging techniques such as Neural
Architecture Search (NAS) and streamlined model scaling to
optimize performance across diverse hardware constraints.

III. METHOD
A. Model Overview

The improved model consists of a C2f-SCSPA backbone,
a hybrid encoder, and an RT-DETR decoder with several
auxiliary prediction heads. The overview of the model is
illustrated in Fig.1.

To pursue a lightweight design, we adopt a backbone
constructed with efficient C2f modules to replace the original
ResNet. This module is further enhanced by integrating a
synergistic channel-space-pixel attention mechanism, leading
to the proposed C2f-SCSPA module(cf. Sec. III-B).

Specifically, features extracted from the fourth, sixth and
ninth modules of the backbone are fed into the encoder,
denoted as {P4, P6, P9} respectively. The hybrid encoder
transforms multi-scale features into a sequence of image
features through intra-scale interaction and cross-scale fu-
sion, incorporating our proposed Multi-Scale Adaptive Gated
Fusion (MSAGF) module for effective feature integration(cf.
Sec. III-C).

Finally, a fixed number of encoder features are selected
as initial object queries for the decoder and iteratively
optimized by the Transfomer decoder to generate categories
and bounding boxes.

B. Improved Backbone with C2f-SCSPA

To reduce the computational cost of the model, we replace
the ResNet backbone in RT-DETR with the lightweight
C2f module. To address its limited ability in adaptive fea-
ture weighting, we further propose the C2f-SCSPA module,
which incorporates a Synergistic Channel-Space-Pixel Atten-
tion (SCSPA) mechanism.

The mathematical formulation of the triple attention syn-
ergy is as follows.

The channel attention mechanism aims to model the im-
portance relationships between different channels in a feature
map. Its core computation can be summarized in three key
steps. First, the input features X undergo both global average
pooling and global max pooling to aggregate spatial informa-
tion. Next, the resulting vectors from both pooling operations
are fed into a shared Multilayer Perceptron (MLP) for non-
linear mapping and dimensionality reduction. Finally, the
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Fig. 1: Model overview. The model consists of three components: the efficient C2f-SCSPA backbone, an encoder incorporating
the MSAGF module, and the RT-DETR decoder, illustrating the end-to-end pipeline from input image to output detections.
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Fig. 2: Structure of the Synergistic Channel- Spatial-Pixel
Attention (SCSPA) module

outputs from the two MLP pathways are summed element-
wise and processed through a Sigmoid activation function to
generate the final channel attention weights Clyention-

Clattention = 0 (MLP(GAP(X)) + MLP(GMP(X))) (1)

These weights Cygenon € RE*1*1 are subsequently used
to recalibrate the original input features X along the channel
dimension.

Then the channel-weighted features are given by:

Xc =X® Cattemion (2)

where ® denotes element-wise multiplication along the
channel dimension.

The spatial attention mechanism captures multi-scale spa-
tial context and emphasizes informative regions within fea-
ture maps. This is achieved through multi-scale depthwise
separable convolutions that aggregate contextual information
across different receptive fields, enabling the model to focus
on the most salient spatial locations.

Sattention = Convyx1 Z Dy, (Xc) 3)
ke{7,11,21}
Dk(X) = COHV(kJ) (COHV(Lk) (X)) (4)

The resulting spatially-weighted features are then obtained
by applying these attention weights to the input features
through element-wise multiplication.

Xcs = Xc & Satlention (5)

The pixel attention mechanism performs fine-grained
pixel-wise calibration, enabling the model to adaptively em-
phasize or suppress individual pixel positions based on their
local context. This provides more refined feature optimiza-
tion than channel and spatial attention, thereby enhancing the
representation of detailed local patterns. The pixel attention
weights are computed as

Pigtention = 0 (COI‘IV1><1 (5 (COHV1><1 (Xc)))) (6)

The final output features are obtained by applying these
pixel-wise attention weights to the input features.

Xoutput = X¢s ® Pagention @)

The SCSPA module achieves multi-scale feature calibra-
tion from global context to local details through the synergy
of channel, spatial, and pixel attention, significantly enhanc-
ing the model’s focus on critical features. And the enhanced
C2f-SCSPA module improves multi-scale representation in
complex scenarios while maintaining high computational
efficiency.

C. Hybrid Encoder with MSAGF

To overcome the limitations of self-attention and adap-
tive fusion in the original RT-DETR encoder, this paper
introduces a Multi-Scale Adaptive Gated Fusion (MSAGF)
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Fig. 3: Schematic diagram of the Multi-scale Adaptive Gated
Fusion (MSAGF) module

module, forming an enhanced hybrid encoder. The module
employs a collaborative dual-path design that aggregates
multi-scale context through global-local feature extraction
and guides fusion via an adaptive weighting mechanism.

The GLFA module takes two aligned features as input: the
high-level semantic features F},;45, and the low-level detailed
features Fj,,,. Their element-wise sum yields an initial fused
feature Fj.

FO = Fhigh + Fiow ®)

Global and Local Feature Aggregation: The GLFA mod-
ule processes the aggregated feature F{; to simultaneously
extract local details and global contextual information, en-
hancing representation through an adaptive dual-path design.
The core operations are as follows:

The GLFA module takes the initial feature F{y as input and
extracts both local details and global context simultaneously
through a parallel dual-path structure. First, the local feature
fiocar® 1s derived via a multi-branch convolution designed to
capture fine-grained features under different receptive fields.

flocal = COI’IVfusc(S (COTLCG,t(Cl, CZa C37 C4))) (9)

where C; = Conv;(Fp) denotes the output of the i-th
convolutional branch, and S(+) represents the channel shuffle
operation. Meanwhile, the global path captures long-range
dependencies via a self-attention mechanism.

Q, K,V = QKV Block(F,),

(10)

KT
A = Softmax (Q ) ,
el
felobal = Linear(AV) + .
Finally, the local and global features are fused through
residual addition to produce the refined output:

Y

This design enables the module to effectively integrate
multi-scale information, thereby enhancing the representa-
tional capacity of features in complex scenes.

Adaptive Fusion Weighting: The AFW module gener-
ates spatially adaptive weights by combining the initially

Farra = fiocal + fglobal

aggregated feature Fy and the contextually enriched feature
Forra. The two features are first concatenated along the
channel dimension.

Feoncat = Concat (FOa FGLFA) (12)

A grouped convolution (group number = C) is then
applied, followed by a sigmoid activation, yielding the soft
weight map:

Wf = U(Convgroups=C (Fconcat)) (13)

where o denotes the sigmoid function, which normalizes
each weight to [0, 1] to enable soft feature selection.

Finally, the MSAGF module fuses the multi-level features
using the adaptive weight map W;. The output is computed
as:

Fout:F(]+Wf®Fhigh+(1_Wf)®Eow (14)

where © represents element-wise multiplication.

MSAGF module effectively overcomes the limitations of
plain feature fusion in the original encoder. It enhances the
model’s ability to accurately extract features in complex
scenes, especially for small and occluded objects, while
maintaining a lightweight design.

IV. EXPERIMENT
A. Experimental Settings

Dataset To comprehensively evaluate the proposed model,
we conducted experiments on MS COCO and PASCAL VOC
datasets. The model was first trained on the MS COCO 2017
train2017 split (118,287 images) and validated on val2017
(5,000 images) to examine its detection capability under
complex scenes, diverse object scales, and challenging con-
textual variations. Subsequently, to assess generalization, the
model was further trained on the PASCAL VOC 2012 train
set and evaluated on its official val set for final comparative
analysis.

Evaluation metric Object detection performance is as-
sessed using precision, recall, and mean Average Precision
(mAP). Precision reflects the proportion of correct positive
predictions, while recall measures the model’s ability to
identify all relevant objects. mAP@0.5 averages precision
at an IoU threshold of 0.50, whereas mAP@0.5:0.95 evalu-
ates performance across IoU thresholds from 0.50 to 0.95,
offering a stricter measure of localization accuracy. Model
efficiency is evaluated via parameter count (Params) and
computational complexity (GFlops). Params indicate model
size, and GFlops estimate inference speed and energy con-
sumption. Together, these metrics provide a comprehensive
assessment for applications requiring both high accuracy and
practical efficiency.

Implementation Details All experiments are conducted
on an NVIDIA RTX 5090 GPU for model development
and training. We employ the RT-DETR architecture with a
decoder configuration using the RT-DETRDecoder module,



TABLE I: Ablation study results

Model Configuration Epoch Precision Recall mAP@(0.5 mAP@0.5-0.95 Params(M) GFLOPs
Baseline 300 64.2 48.5 54.3 39.5 6.2 12.1
Baseline+SCSPA 300 66.5 53.8 59.5 429 6.2 12.39
Baseline+MSAGF 300 67.8 52.7 61.6 414 9.8 18.82
Baseline+SCSPA+MSAGF  30.0 68.6 61.6 68.3 50.5 9.9 19.17

which processes multi-scale feature maps from three levels.
The model is primarily trained and evaluated on the COCO
2017 dataset for 300 epochs with a batch size of 128, using
the AdamW optimizer. Input images are resized to 640x640
pixels. Subsequently, the model is further evaluated on the
PASCAL VOC dataset. For deployment-oriented evaluation,
the inference speed is measured on an NVIDIA Jetson Orin
Nano developer kit under TensorRT FP16.

B. Ablation Study

To evaluate the contribution of each proposed
component—C2f-SCSPA backbone and MSAGF fusion
module—we conduct an ablation study on the baseline
model. The results are summarized in TABLE 1.

Baseline+SCSPA: Incorporating the SCSPA module
further improves model performance (precision 67.8%,
mAP@0.5 61.6%, mAP@0.5:0.95 41.4%), while increasing
parameters to 9.8M and computation to 18.82G FLOPs. This
validates the effectiveness of MSAGF in facilitating context-
aware, cross-scale feature fusion, with the performance gains
coming at an acceptable additional computational cost.

Baseline+MSAGF: Integrating the MSAGF module into
the baseline leads to further improvements, yielding a pre-
cision of 67.8%, mAP@0.5 of 61.6%, and mAP@0.5:0.95
of 41.4%. This advancement comes with an increased model
capacity, raising parameters to 9.8M and FLOPs to 18.82G.
This performance improvement confirms that the module
effectively achieves adaptive cross-scale feature fusion with
contextual awareness.

Baseline+SCSPA+MSAGF: The integration of both C2f-
SCSPA and MSAGF modules yields the best overall per-
formance. The full model achieves 68.6% precision, 61.6%
recall, 68.3% mAP@0.5, and 50.5% mAP@0.5:0.95 with
only 9.9M parameters and 19.17G FLOPs. This demonstrates
clear synergy: C2f-SCSPA provides more discriminative
multi-scale features, which are then optimally fused by
MSAGEF, leading to a remarkable 25.8% relative improve-
ment in mAP@0.5 over the baseline.

The ablation study confirms the core value of both mod-
ules: the C2f-SCSPA backbone significantly enhances feature
extraction at minimal cost, while the MSAGF module en-
ables powerful adaptive fusion with a controlled complexity
increase. Their co-design successfully pushes the accuracy-
efficiency frontier, validating the joint optimization approach
for lightweight, high-performance detection.

C. Main Results and Comparison

To comprehensively evaluate the performance of the pro-
posed method, we conducted extensive comparative experi-

ments on the COCO and VOC datasets, comparing it with
current mainstream lightweight detectors. The results are
shown in Table II and Table III, respectively.

As shown in Table II, our full model achieves 68.3%
mAP@0.5 and 50.5% mAP@0.5:0.95 on the COCO valida-
tion set, surpassing all compared lightweight models. With
only 9.9M parameters and 19.17G FLOPs, it achieves an
excellent balance between computational efficiency and de-
tection accuracy. Compared to the YOLO series, our method
demonstrates significant advantages. It leads YOLOVS-S
and YOLOV9-S by 6.5% in mAP@0.5, respectively. Even
compared to the latest YOLOvI11-S, it achieves a 4.4%
improvement in mAP@(Q.5 with only a 0.9M parameter
increase.

Against Transformer-based detectors, our model exhibits
overwhelming efficiency advantages. Compared to RT-
DETR-R18, our approach reduces parameters by over 50%
and computation to about one-third, while maintaining su-
perior accuracy. Compared to the current best-performing
DEIM-D-FINE-S (10M parameters, 25G FLOPs), our model
achieves higher mAP@0.5 and mAP@0.5:0.95 with lower
computational cost (19.17G FLOPs), further validating its
dual advantages in lightweight design and accuracy.

To further validate the model’s generalization capability
and practical deployment efficiency, we conducted com-
parative experiments on the PASCAL VOC dataset and
the NVIDIA Jetson Orin Nano edge device, as shown in
Table III. On the VOC dataset, our model achieved 82.4%
mAP@0.5, outperforming YOLOvVIO-S (82.1%) and RT-
DETR-R18 (81.3%), while performing comparably to D-
FINE-S (82.7%). With fewer parameters and significantly
reduced computational complexity, this result reaffirms the
high efficiency of our approach. In edge deployment speed
tests, our model attained an inference speed of 27 FPS on
Jetson Orin Nano, significantly surpassing other compared
models.

V. CONCLUSIONS

This paper advances the performance of the RT-DETR de-
tector through two synergistic modules: C2f-SCSPA, which
enhances multi-scale feature representation with a triple-
synergistic attention mechanism, and MSAGF, which en-
ables effective cross-scale integration through context-aware
and spatially adaptive feature fusion. Together, they form
an enhanced hybrid detection architecture that significantly
improves both accuracy and robustness while maintaining
high efficiency.



TABLE II: Comparison results with SOTA on COCO dataset

Model Epoch mAP@0.5 mAP@0.5:0.95 Params(M) GFLOPs
YOLOVS-S [17] 500 61.8 449 11 29
YOLOV9-S [18] 500 61.8 46.8 7 26
YOLOv10-S [19] 500 63.0 46.3 7 22
YOLOv11-S [20] 500 63.9 47.0 9 22
RT-DETR(r18)* 300 49.6 30.6 20 57.3
RT-DETR(r18) [1] / 63.8 46.5 20 61
D-FINE-S [21] / 65.6 48.5 10 25
DEIM-D-FINE-S [22] / 65.9 49.0 10 25
Ours 300 68.3 50.5 9.9 19.17

Note: * indicates our reproduced results. For methods without epoch specification (”/), the results are reported as provided in the

original papers.

TABLE III: Comparison results on VOC and Edge Deployment Speed

Model mAP@0.5 Params(M) GFLOPs FPS(Orin Nano)
YOLOVS-S 81.5 11 28.6 21
YOLOvVI10-S 82.1 7 21.6 24
RT-DETR(r18) 81.3 20 57.3 25
D-FINE-S 82.7 10 25.0 20
Ours 82.4 9.9 19.2 27

In summary, this work provides an efficient solution
for high-precision real-time object detection, achieving an
optimal balance between performance and computational
cost. The proposed method sets a new benchmark for RT-
DETR-based detectors and demonstrates strong potential for
deployment in resource-constrained applications.
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