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Highlights

What are the main findings?

• We propose a novel density sensing mechanism that adaptively adjusts object queries
based on object density, and introduce a multi-scale feature fusion network to enhance
detection performance.

• The proposed method delivers superior performance on the Visdrone2019 dataset,
surpassing competing methods across all key metrics.

What is the implication of the main finding?
• By introduction fine-gravened supervision, our approach effective resolution the parse

supervision limited of traditional methods, provides distinct benefits for DETR models.
• It provides technical support for key applications such as urban transportation, crop

classification, and environmental monitoring.

Abstract

The DPF-DETR model has been designed to address the challenges encountered in object
detection within drone imagery, particularly in scenarios involving significant target scale
variations, dense targets, and complex backgrounds. To overcome the limitations of
traditional object detection methods, the Density Sensing Mechanism (DSM) and Adaptive
Density Map Loss (AdaptiveDM Loss) have been incorporated into the model to provide
fine-grained supervision signals. The DSM optimizes the query selection mechanism
by utilizing density maps, enabling the number of queries to be adaptively adjusted
based on the distribution density of targets, thus improving detection accuracy in dense
regions. Furthermore, the precision of the model in detecting dense targets is enhanced
by AdaptiveDM Loss, which dynamically adjusts the weights for object localization and
classification. Multi-scale feature fusion capabilities are also improved by the Multi-Scale
Feature Fusion Network (MSFFN) and the Selective Feature Integration Module (SFIM).
The MSFFN refines the fusion of features, which improves the detection of targets across
various scales, particularly in complex scenes. Additionally, SFIM enhances the detection
accuracy for small targets and complex backgrounds by integrating low-level spatial
features with high-level semantic information. The Context-Sensitive Feature Interaction
Module (CSFIM) further optimizes multi-scale feature fusion through context-guided
interactions, bridging the semantic gap between features of different scales, thus improving
the robustness of the model in dense scenarios. Experimental results have shown that
DPF-DETR outperforms traditional models and state-of-the-art detection methods across
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multiple datasets, demonstrating superior robustness and accuracy, especially in dense
target detection and complex background scenarios.

Keywords: aerial remote sensing; multi-scale fusion; density-aware mechanism; real-time
object detection

1. Introduction
With the rapid development of drone technology, object detection based on drone

imagery has become an important research direction in the field of computer vision [1].
Objects in drone imagery often exhibit significant scale variations, and in complex en-
vironments, they may be subject to occlusion, blurriness, and lighting changes, which
make object detection particularly challenging [2]. Traditional object detection methods,
such as Faster R-CNN [3] and the YOLO series [4–7] based on convolutional neural net-
works (CNNs), have achieved significant progress on standard datasets; however, their
performance remains limited when handling targets with highly variable scales, complex
backgrounds, and dense targets [8]. Most existing methods rely on anchor box mech-
anisms or post-processing steps to locate targets [9], but false positives [10] or missed
detections [11] often arise, particularly when dense or small targets are detected.

To address these challenges, the DPF-DETR model is introduced in this study, which
is based on the DETR [12] (Detection Transformer) architecture and incorporates several
innovative techniques. First, the Density Sensing Mechanism (DSM) is introduced, which
generates density maps [13] to provide fine-grained supervision signals [14] for the model,
thereby enabling a better capture of the spatial distribution of targets. Compared with
traditional methods, DSM employs a dynamic query selection mechanism that adaptively
adjusts the number of queries based on target distribution density, effectively improving
detection accuracy in dense regions [15]. Second, the Multi-Scale Feature Fusion Network
(MSFFN) and the Selective Feature Integration Module (SFIM) are proposed to optimize
multi-scale feature fusion [16]. The former strengthens the fusion of multi-scale features
through an improved pyramid structure, while the latter optimizes the combination of
low-level spatial features and high-level semantic information, enhancing the model’s
ability to detect targets of different scales [17]. To further enhance the model’s multi-scale
adaptability, the Context-Sensitive Feature Interaction Module (CSFIM) is introduced,
which optimizes multi-scale feature fusion by guiding it with contextual information,
bridging the semantic gap between features of different scales and thereby improving
the model’s performance in complex scenes [18]. Finally, the Adaptive Density Map
Loss (AdaptiveDM Loss) is proposed, which adaptively adjusts the weights to optimize
target localization and classification performance, excelling in detecting dense and small
targets [19]. The contributions of this study are summarized as follows:

1. The DSM framework is proposed, utilizing density maps as fine-grained supervision
signals and dynamically adjusting the number of queries to enhance detection accu-
racy in dense target regions. This module adaptively focuses on dense regions based
on the target distribution density while reducing queries in sparse regions to avoid un-
necessary computational costs. In this manner, DSM significantly improves detection
accuracy in complex backgrounds, while simultaneously optimizing computational
efficiency and minimizing computational burden.

2. The MSFFN and SFIM are combined to optimize multi-scale feature fusion, allowing
the model to better handle targets of varying scales. MSFFN enhances the efficiency
of multi-scale feature fusion through an improved pyramid structure, while the SFIM
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effectively integrates low-level spatial features with high-level semantic information.
Through the collaboration of these two modules, DPF-DETR demonstrates superior
detection accuracy in complex scenes, while maintaining a low computational load
and reduced parameter count.

3. The CSFIM is proposed to bridge the semantic gap between features of different
scales through context-guided feature fusion. The CSFIM intelligently adjusts the
fusion ratio of features at different scales, thus improving multi-scale target detection
accuracy. This module further strengthens the robustness of DPF-DETR in dense
scenes and complex backgrounds, enhancing the overall detection performance.

2. Related Works
2.1. Object Detection in Drone Imagery

Object detection in drone imagery is often confronted with significant challenges due
to large variations in target scales, complex backgrounds, and dense targets. While these
scale variations fundamentally follow from traditional camera geometry [20] (i.e., perspec-
tive projection, where object size is inversely proportional to distance), their magnitude
and impact are substantially amplified in drone-captured images because of the diverse
heights, angles, and environments in which these images are acquired [18]. These amplified
geometric effects—such as extreme scale changes, frequent occlusions, and highly variable
object densities—pose substantial difficulties for conventional object detectors, which are
typically designed for more moderate conditions. We also note that the presence and sever-
ity of these challenges depend on specific scene characteristics; in low-altitude or sparse
scenes [21], such difficulties may be less pronounced. Early object detection approaches,
such as Faster R-CNN [3] and SSD [22], employed sliding windows and region proposal
mechanisms, but they performed inadequately on small and overlapping targets in drone
imagery. Subsequently, the YOLO series [23–25] improved detection speed by utilizing
single-stage, end-to-end prediction. YOLOv7 [26] and YOLOv8 [24] further enhanced
detection capabilities for targets of varying scales; however, these models still depend on
predefined anchor boxes, which fail to sufficiently address the challenges posed by drastic
scale changes and dense targets in drone imagery. With the advent of Transformer-based
architectures, end-to-end methods such as RT-DETR [27] and DINO [28] eliminate the need
for anchor boxes by using set-based prediction and bipartite matching loss [12]. How-
ever, these models still encounter difficulties in detecting dense small targets and complex
backgrounds in drone imagery due to a lack of strong constraints on local details [29].
As a baseline model, D-Fine [30] addresses robustness issues in complex scenarios using
FDR (Fine-grained Distribution Refinement) and GO-LSD (Global Optimal Localization
Self-Distillation) techniques, which effectively handle multi-scale targets and complex back-
grounds in drone imagery. Despite this, D-Fine continues to face challenges in detecting
dense and small targets, particularly when targets are closely spaced or occluded, resulting
in a significant reduction in detection accuracy.

2.2. Fine-Grained Supervision Signals and Dynamic Query Mechanism

Traditional object detection methods often rely on coarse bounding box supervision,
which fails to offer sufficient detailed information for enhancing detection accuracy in
dense target scenarios. DETR [12], employing an end-to-end Transformer architecture,
successfully removes anchor boxes and post-processing steps, but continues to struggle with
dense object detection. DINO [28] further enhances DETR by refining the query selection
mechanism, improving target localization accuracy. However, DINO still faces challenges
in fine-grained target capture in dense scenes. DQ-DETR [31] introduces a density-aware
query selection mechanism, leveraging density maps to optimize the spatial distribution
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modeling of targets. Although this approach improves the model’s performance to some
extent, it still lacks precise target boundary information and exhibits limitations when
handling dense targets [32]. To overcome these issues, the Density Sensing Mechanism
(DSM) proposed in this study introduces fine-grained supervision signals through adaptive
density map generation and dynamic query mechanisms. DSM not only provides the
model with detailed supervision signals but also adapts the number of queries based on
the distribution density of targets. This significantly enhances detection accuracy in dense
target regions, thereby improving the overall performance of the model.

2.3. Multi-Scale Feature Fusion

Multi-scale feature fusion plays a critical role in target detection, particularly when
dealing with targets of varying sizes [33]. FPN [34] and PANet [35] are recognized as classic
solutions for multi-scale feature fusion. FPN constructs a feature pyramid to enhance
detection capabilities across different target scales, yet it still faces issues with information
loss in complex scenes [36]. PANet improves information flow by utilizing path aggre-
gation, but continues to encounter redundancy and information loss, especially when
processing small targets and complex backgrounds [37]. BiFPN [38] enhances feature
fusion efficiency through bidirectional information flow, yet it does not fully address the
semantic gap between multi-scale features during the fusion process [39]. In response to
these challenges, this paper proposes the Multi-Scale Feature Fusion Network (MSFFN)
and the Selective Feature Integration Module (SFIM). MSFFN optimizes the multi-scale
feature fusion process by employing an improved pyramid structure, while SFIM further
enhances the integration of low-level spatial features with high-level semantic informa-
tion, thereby improving detection accuracy for small targets and complex backgrounds.
Finally, the Context-Sensitive Feature Interaction Module (CSFIM) guides the multi-scale
feature fusion process using contextual information, effectively bridging the semantic gap
between features at different scales and enhancing the robustness of the model in complex
background and dense target scenarios [40].

3. Methods
This section presents a comprehensive description of the DPF-DETR model, which

is built upon the D-Fine framework. Section 3.1 outlines the overall architecture of DPF-
DETR, emphasizing the innovations within each component and their interconnections. In
Section 3.2, the implementation details and operational principles of the Density Sensing
Mechanism (DSM) are discussed. Section 3.3 examines the specifics of the feature aggre-
gation module and explains the functionality of the Feature-Focused Diffusion Pyramid
Network (FFDPNet). Section 3.4 introduces the principles behind the Context-Sensitive
Feature Interaction Module (CSFIM) and explains its role in bridging the semantic gap
between multi-scale features by replacing concatenation in multi-scale feature fusion.
Finally, Section 3.5 details how the Adaptive Density Map Loss (AdaptiveDM Loss) en-
hances both localization and classification, followed by an analysis of the stability of
its hyperparameters.

3.1. Overall Architecture

The architecture of the DPF-DETR model is illustrated in Figure 1. The design of
DPF-DETR is specifically intended to address the challenges posed by significant target
scale variations, complex feature extraction, and dense object detection in drone imagery.
Drone-captured images typically present intricate scenes in which target size, pose, lighting,
and occlusions vary considerably, resulting in the poor performance of traditional object de-
tection methods in such environments. To overcome these challenges, DPF-DETR integrates
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several innovative modules, significantly enhancing detection accuracy and efficiency, par-
ticularly in scenarios with dense objects and complex backgrounds. The model incorporates
the Density Sensing Mechanism (DSM), Multi-Scale Feature Fusion Network (MSFFN),
Context-Sensitive Feature Interaction Module (CSFIM), and Adaptive Density Map Loss
(AdaptiveDM Loss), optimizing target localization and detection accuracy through multi-
level and multi-scale feature extraction and fusion.

To address the shortcomings of traditional bounding box supervision, the Density
Sensing Mechanism (DSM) introduces density maps as fine-grained supervision signals for
the object detection task. Density maps not only provide object-level spatial information
but also effectively model the distribution characteristics of objects, offering richer gradient
signals for network optimization. MSFFN replaces the conventional feature pyramid
structure in the baseline model and, in particular, when handling multi-scale targets,
integrates the Selective Feature Integration Module (SFIM). This module enables precise
adjustments to the fusion of low-level spatial features and high-level semantic information.
Furthermore, MSFFN optimizes information flow and fusion through a feature diffusion
mechanism, significantly improving the model’s performance in multi-scale target detection.
The CSFIM replaces the feature fusion process of the traditional baseline model. Through
context-guided feature fusion, CSFIM more effectively integrates low-level spatial features
with high-level semantic information, refining the feature fusion process, especially in
dense target and complex scenarios. Finally, the Adaptive Density Map Loss (AdaptiveDM
Loss) is proposed to balance overestimation and underestimation errors via asymmetric
pixel-wise weighting based on density map prediction errors. Unlike existing re-weighting
methods that focus on anchor assignment [41] or sample-category redistribution [42],
AdaptiveDM Loss applies distinct recall and precision penalties to underestimation and
overestimation regions, respectively, with particular emphasis on higher-error regions in
the density map.

Figure 1. This is the overall architecture of DPF-DETR, where RepC3×3 is the same as RepC3×3
in RT-DETR.

3.2. Density Sensing Mechanism

In object detection tasks, traditional decoder models based on Transformers [43–45]
have been widely applied to remote sensing imagery. However, their limitation in utilizing
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fixed query numbers reduces their effectiveness in handling remote sensing datasets with
significant variations in object densities. Traditional decoders fail to consider the object
density distribution within the image, leading to unnecessary computational resource
consumption in dense object regions, while missing important targets in sparse regions [46].
To address this limitation, the Density Sensing Mechanism (DSM) is proposed. This
framework introduces density maps along with a dynamic query selection mechanism that
adaptively adjusts the number of queries based on the object density distribution, thereby
improving both detection efficiency and accuracy. The architecture of DSM is illustrated in
Figure 2.

Figure 2. The architecture of DSM.

In the initial stage of object detection, the original remote sensing image undergoes
feature extraction through a Convolutional Neural Network (CNN) [47–49]. These feature
maps are then processed by the DSM framework. Traditional decoders typically use feature
maps of fixed dimensions for subsequent reasoning, which may lead to suboptimal per-
formance for objects of different scales. To solve this problem, we incorporate multi-scale
feature processing in the DSM framework. Through 1×1 convolutions, features from
different layers and scales are projected onto a unified hidden dimension (hidden_dim),
allowing the subsequent query selection and decoding process to better integrate informa-
tion from various scales. The input feature map F is projected through a 1×1 convolution,
resulting in the projected feature map Fproj, as expressed by the following equation:

Fproj = Conv1×1(F), (1)

where F is the input feature map and Fproj is the projected feature map, and Conv1×1
denotes the 1 × 1 convolution operation.

To address object detection in dense regions, a lightweight Density Map Generator
(LightDMG) is proposed. This module models the spatial distribution of objects using an
adaptive multi-scale density-aware mechanism, explicitly capturing density characteristics
from shallow features. LightDMG employs parallel deep convolutions [50] with varying
kernel sizes and progressively increases the receptive field (3 × 3, 5 × 5, 7 × 7, 9 × 9, 11 × 11)
to capture multi-scale density features. Smaller kernels are utilized to capture the details
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in sparse regions, while larger kernels aggregate contextual information, thus modeling
trends in dense regions. The concatenation of multi-scale features allows the network to
adaptively respond to density variations at different spatial locations. The architecture of
LightDMG is depicted in Figure 3.

Figure 3. The architecture of Lightweight Density Map Generator (LightDMG).

In the density map generation process, the predicted density map Dpred and the
ground truth density map Dgt are first normalized to ensure that their values lie within the
range of [0, 1]. The normalization operation is performed as follows:

D̂gt =
Dgt

max(Dgt) + ϵ
, D̂pred =

Dpred

max(Dpred) + ϵ
, (2)

where ϵ is a small constant (e.g., 10−6) to avoid division by zero. The normalized density
maps are D̂gt and D̂pred, and the difference ∆D between the two maps is computed as the
input for the loss function:

∆D = D̂pred − D̂gt, (3)

Figure 4 illustrates an example of dense crowd detection in a UAV aerial image.
The left panel displays the original scene containing pedestrians and stalls; the middle
panel presents the predicted bounding boxes (count: 101), marked in green; and the right
panel shows the corresponding density map, where warmer colors represent higher target
density. This figure highlights the model’s ability to accurately capture both the locations
and spatial distribution of dense targets.
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Figure 4. Visualization of density estimation on a UAV aerial image.

Next, we perform a weighted calculation of the density map difference to assign
different weights to various regions of the map during the loss calculation. The adaptive
weight W(i, j) is computed as follows, incorporating penalties for recall and precision:

W(i, j) = 1 + λrecall · D̂gt(i, j) · 1(D̂pred(i,j)<D̂gt(i,j)) + λprecision · D̂gt(i, j) · 1(D̂pred(i,j)>D̂gt(i,j)), (4)

where 1(D̂pred(i,j)<D̂gt(i,j)) and 1(D̂pred(i,j)>D̂gt(i,j)) are indicator functions determining whether
recall or precision penalties are applied based on the relationship between the predicted
and ground truth density maps. The weight coefficients λrecall and λprecision control the
influence of recall and precision penalties, respectively.

The density loss Ldensity is calculated as the average of the weighted squared differ-
ences for each pixel, as shown in the following equation:

Ldensity =
1

HW

H

∑
i=1

W

∑
j=1

W(i, j) · (∆D(i, j))2, (5)

where H and W represent the height and width of the density map, W(i, j) is the adaptive
weight at position (i, j), and ∆D(i, j) is the difference between the predicted and ground
truth density maps at that position. The final density loss is calculated using the weighted
squared difference, encouraging the model to fit more precisely in the dense regions of the
density map while avoiding computational waste in sparse regions.

Next, the DSM framework enters the query selection phase. Unlike traditional de-
coders, which utilize a fixed number of queries, queries are dynamically selected in DSM
through the introduction of density maps. Specifically, in each inference round, queries are
selected based on the predicted category logits and density map values. In dense regions,
a larger number of queries are chosen to enhance attention to objects in those areas, while
fewer queries are selected in sparse regions to avoid unnecessary computational waste.
This mechanism is implemented as follows:

Qk = topk(Logitsi × DensityMap(1/T)
i ), (6)

where Logitsi represents the category prediction logits, DensityMapi is the density map,
and T is the temperature parameter. By applying temperature scaling (i.e., exponentiation)
to the density map, the model is guided to focus more on query selection in dense regions.

Anchor generation is considered an essential part of object detection, as candidate
regions are provided through it. In traditional decoders, fixed-size anchors are used, which
fail to adapt to varying object sizes. In DSM, multi-level anchors are generated at different
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scales and are optimized based on the density map. The formula for anchor generation is
as follows:

Anchori = (xi, yi, Wi, Hi, wi, hi), (7)

where (xi, yi) represents the center coordinates of the anchor, Wi and Hi are the width and
height of the feature map, and wi and hi are the width and height of the anchor. The density
map influences anchor generation, ensuring that dense regions receive more anchors.

In the decoding phase, object localization is performed by the DSM framework through
the utilization of query information and input features via the Transformer decoder. Unlike
traditional Transformer decoders, which do not account for density distribution, the DSM
framework directs the decoder to update queries based on dynamic query selection and
density maps. This results in more accurate predictions for both bounding boxes and object
classes. The decoding process is expressed as follows:

Bpred = Decoder(Qk, F, A), (8)

where Bpred is the predicted bounding box, Qk is the selected query set, F is the input
feature map, and A is the generated anchors.

The DSM framework also incorporates denoising training to improve the model’s
robustness when facing noisy or partially missing targets. Denoising training is achieved
through contrastive loss computation, as shown in the following formula:

Ldenoise = Contrastive Loss(Ydenoised, Yoriginal), (9)

where Ydenoised is the denoised prediction and Yoriginal is the original ground truth.
Figure 5 compares the thermal map responses of the original D-Fine model and the

model with the added DSM module. As shown in Figure 5a, the thermal distribution
of the D-Fine model is relatively diffuse in dense vehicle areas, with obvious response
adhesion between multiple targets, making it difficult to distinguish vehicle boundaries.
After adding DSM (Figure 5b), the thermal values are significantly concentrated towards
the target center, the highlighted areas of each vehicle are more compact, and the thermal
differentiation between adjacent targets is significantly improved. This indicates that DSM
can guide the model to more accurately locate target positions and effectively alleviate the
feature confusion problem in dense scenes.

(a) The Heatmap of D-Fine (b) The Heatmap of D-Fine after adding DSM

Figure 5. Comparison of visual heat maps in scenarios with confusing objects.

In conclusion, the DSM framework, by utilizing density maps and dynamic query
selection, effectively overcomes the computational limitations present in traditional models
when handling substantial variations in object density. As a result, detection efficiency and
accuracy are significantly enhanced, along with improved robustness in complex scenes.
When compared to D-Fine, DSM exhibits superior performance and greater computational
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efficiency, particularly in scenarios characterized by uneven object distribution, such as in
remote sensing imagery.

3.3. Multi-Scale Feature Fusion Network

In object detection tasks for remote sensing images, traditional convolutional neural
networks [3] and Transformer [12] models have made considerable advancements, yet
they continue to encounter challenges in handling multi-scale feature fusion, discrepancies
in feature map sizes, and overall detection accuracy [51]. This issue is particularly pro-
nounced in remote sensing images, where there are significant differences in object sizes
and regions with varying scales and densities, necessitating the effective handling and
fusion of information from multiple scales. To address these challenges, the Multi-Scale
Feature Fusion Network (MSFFN) framework is proposed. This framework, which com-
bines Transformer and convolutional layers, employs a two-stage feature extraction and
multi-scale feature fusion mechanism, providing an effective solution for remote sensing
object detection. A key innovation within the MSFFN framework is the Selective Feature
Integration Module (SFIM), which plays an essential role in multi-scale feature processing
and fusion. The specific structure of MSFFN is depicted in Figure 6.

Figure 6. This is the architecture of MSFFN, where RepC3×3 is the same as RepC3×3 in RT-DETR. It
projects multi-scale backbone features to a unified dimension, enhances them with a Transformer
encoder, and fuses them via the Selective Feature Integration Module (SFIM) to produce robust
multi-scale representations.

The input to the MSFFN framework consists of feature maps at different scales from the
backbone network. First, each input feature map is adjusted to a unified hidden dimension
(hidden_dim) using a 1×1 convolution, ensuring that features from different scales can
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be effectively fused during the subsequent processing stages. The specific operation is
as follows:

Fi
proj = Conv1×1(Fi), (10)

where Fi is the input feature map at the i-th layer, and Fi
proj is the feature map after applying

the 1 × 1 convolution, where the channel size is adjusted to hidden_dim.
Subsequently, a Transformer encoder is incorporated into MSFFN to enhance the

features of each feature map layer. In contrast to traditional models, MSFFN applies the
Transformer encoder to the feature maps of each individual layer, enabling the model to cap-
ture long-range dependencies through self-attention mechanisms and thereby improving
the representation of object features. The operation is expressed as follows:

Mi = TransformerEncoder(Fi
proj, Pi

pos), (11)

where Fi
proj is the input feature map after the 1 × 1 convolution, Pi

pos is the corresponding

positional encoding at the i-th layer, and Mi is the feature map after processing by the
Transformer encoder.

In the MSFFN framework, the SFIM represents one of the key innovations, respon-
sible for processing and integrating feature maps from various scales. Initially, the SFIM
adjusts the channel size of each input feature map to “hidc” via convolutions, followed
by downsampling using the ADown module [52]. These operations enable SFIM to effec-
tively capture multi-scale features and perform the fusion of features from different scales.
The structure of SFIM is illustrated in Figure 7. For each input feature map, the channel
size adjustment is performed as described by the following formula:

F′
1 = Conv(F1, hidc), F′

2 = Conv(F2, hidc), F′
3 = ADown(F3, hidc), (12)

where F1, F2, and F3 are the input feature maps from different scales, and “hidc” is the
adjusted channel size.

Next, SFIM further processes the features through depthwise convolutions [53] and
pointwise convolutions [54], as expressed by the following formula:

Ffeature =
K

∑
k=1

[F + Convdw(F)], (13)

where Convdw(F) denotes the depthwise convolution operation, and K represents the
number of convolution layers. The fused feature map is then processed through point-
wise convolutions:

Ffeature = Convpw(Ffeature), (14)

Finally, SFIM adjusts the processed feature map to the final output through a
1 × 1 convolution:

Fout = Conv1×1(Ffeature), (15)

where Ffeature is the fused feature map, and Fout is the final output feature map.
Multi-scale feature fusion in MSFFN is achieved through downsampling and upsam-

pling operations. Specifically, operations such as p4→5_down1 and p4→3_up1 downsample
high-resolution feature maps to low resolution or upsample low-resolution feature maps to
higher resolution. These operations ensure that feature maps at different scales can be effec-
tively fused in the final detection process. The downsampling operation is formulated as:

Fdown = Conv(Fhigh, hidc, 3, 2), (16)
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where Fhigh is the high-resolution input feature map, Fdown is the downsampled feature
map, and the channel size is adjusted to “hidc” with a stride of 2. The upsampling operation
is performed through interpolation:

Fup = Upsample(Flow), (17)

where Flow is the low-resolution input feature map, and Fup is the upsampled feature map.

Figure 7. This is the architecture of SFIM. It adjusts channel dimensions of input features, ap-
plies depthwise and pointwise convolutions, and adds a residual connection to preserve original
information, enabling effective fusion of low-level spatial details and high-level semantics.

At the conclusion of the MSFFN framework, all processed and fused feature maps are
integrated to produce the final multi-scale object detection results. Specifically, feature maps
from varying scales are subjected to upsampling, downsampling, and fusion operations,
resulting in the output feature map. This process can be mathematically expressed as:

Foutput = Conv1x1

(
N

∑
i=1

(
Upsample(F(i)

low) + Conv(F(i)
high, hidc, 3, 2)

))
, (18)

where F(i)
high are feature maps from different scales, Upsample(F(i)

low) is the upsampling

operation applied to the low-resolution feature maps, and Conv(F(i)
high, hidc, 3, 2) is the

downsampling operation applied to the high-resolution feature maps. Foutput is the final
output feature map, with the channel size adjusted by the 1 × 1 convolution.
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In conclusion, the MSFFN framework, by integrating Transformer encoders and the
SFIM, addresses the challenge of multi-scale feature fusion in remote sensing object de-
tection. The SFIM, through depthwise convolution, pointwise convolution, and focused
feature fusion strategies [55–57], effectively captures multi-scale object information. By em-
ploying downsampling and upsampling operations, MSFFN efficiently handles feature
maps of varying resolutions and ultimately generates multi-scale object detection results.
When compared to traditional methods, MSFFN demonstrates superior multi-scale han-
dling capabilities in remote sensing images, leading to enhanced object detection accuracy
and robustness.

3.4. Context-Sensitive Feature Interaction Module

In deep learning models, particularly in computer vision tasks such as object detection,
feature fusion is a critical step [58]. The Context-Sensitive Feature Interaction Module
(CSFIM) framework effectively addresses the challenges of feature misalignment and in-
formation loss by adaptively integrating feature maps from multiple network branches or
different sources. CSFIM excels in handling heterogeneous features, especially in complex
backgrounds. As shown in Figure 8, CSFIM enhances multi-scale feature fusion through
the use of a dimensionality reduction attention mechanism [59] and a weighted feature
recombination process [60]. This mechanism facilitates the adaptive modulation of con-
textual information, ensuring that features from different scales are accurately integrated.
By improving the handling of complex contextual relationships, the approach results in
enhanced robustness and performance in feature fusion tasks.

Figure 8. This is the architecture of CSFIM.

The first step of the CSFIM framework is the adaptation of input feature maps. Suppose
the inputs are two feature maps F1 and F2 from different network branches. Since their
channel dimensions might not match, CSFIM uses a convolution operation to adjust the
channel sizes, making them have the same dimension. The specific operation is:

F′
1 = Conv(F1, hidc), F′

2 = Conv(F2, hidc), (19)
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where F1 and F2 are the input feature maps, and "hidc" represents the adjusted channel size.
After this adjustment, the two feature maps F′

1 and F′
2 can be fused in the subsequent steps.

If the input feature maps already have matching channel sizes, the CSFIM skips this
operation and directly uses F1 and F2 as inputs.

The SEAttention [61] module is incorporated into CSFIM to perform feature recalibra-
tion, enhancing the key information associated with the target while suppressing irrelevant
features. Through adaptive learning, the SEAttention module computes a weight for each
channel and adjusts the feature map accordingly, emphasizing crucial information. For the
input feature maps F′

1 and F′
2, they are first weighted by the SEAttention module, with the

following calculation:

F′
1 = F′

1 × SE(F′
1), F′

2 = F′
2 × SE(F′

2), (20)

where SE(F) denotes the context-aware recalibration of the feature map F through the
adaptive SE module. The SE module recalibrates the feature map by first calculating the
global average pooling of the input feature map and then using a fully connected layer to
generate weight coefficients for each channel. These weight coefficients are used to adjust
the input feature map.

The fusion process is the core of CSFIM, where the module fuses feature maps from
different sources with adaptive weights. Specifically, CSFIM performs weighted summation
to fuse the adjusted feature maps F′

1 and F′
2. The weighted feature for each location is

computed as:
Ffusion = F′

1 + F′
2, (21)

In this way, the module is able to reasonably fuse the information from different input
feature maps.

CSFIM further optimizes multi-modal feature fusion through a feature-guided mecha-
nism, enhancing the contextual information in the feature map. Specifically, in the fused
feature map Ffusion, the module adaptively adjusts the weights W(i, j) for each location,
assigning different weights to different regions. The calculation is given by:

W(i, j) = 1 + λrecall · D̂gt(i, j) · 1(D̂pred(i,j)<D̂gt(i,j)) + λprecision · D̂gt(i, j) · 1(D̂pred(i,j)>D̂gt(i,j)), (22)

where D̂gt(i, j) and D̂pred(i, j) are the ground truth and predicted density map values at
position (i, j), respectively. 1(D̂pred(i,j)<D̂gt(i,j)) and 1(D̂pred(i,j)>D̂gt(i,j)) are indicator functions
that determine whether recall or precision penalties are applied based on the relationship
between the predicted and ground truth density maps. The weight coefficients λrecall and
λprecision control the influence of recall and precision penalties, respectively.

The fused feature map, after adaptive weight calculation, is processed using a 1 × 1
convolution to produce the final output feature map. This process adjusts the feature
map to ensure compatibility with downstream tasks. The final output feature map is
represented as:

Fout = Conv1×1(Ffusion), (23)

where Ffusion is the fused feature map, and Fout is the final output feature map, with the
channel size adjusted through the 1 × 1 convolution.

The CSFIM effectively addresses the challenges encountered in traditional feature
fusion methods through the use of adaptive convolution layers, context-aware feature
recalibration, and bidirectional feature enhancement. Unlike conventional methods, CS-
FIM is capable of adapting flexibly to various input configurations. By leveraging the
collaborative fusion of contextual information, it enhances object detection accuracy and
robustness. Additionally, through its flexible output mapping, CSFIM ensures compatibility
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with downstream tasks, thereby improving both the model’s computational efficiency and
overall performance.

3.5. Adaptive Density Map Loss

In remote sensing image object detection tasks, significant progress has been made
with traditional convolutional neural networks and Transformer models. However, chal-
lenges persist in handling multi-scale feature fusion, discrepancies in feature map sizes,
and achieving high object detection accuracy. Specifically, traditional localization loss
functions exhibit considerable limitations when dealing with small objects, complex back-
grounds, and irregularly shaped targets [62]. For instance, L1 loss [63] often fails to
provide sufficient positional information in scenarios involving small targets and dense
backgrounds. This is because it merely computes the coordinate differences of bounding
boxes, without accounting for the complexity of object shapes and backgrounds. More-
over, while Generalized IoU (GIoU) loss [64] optimizes the overlap between predicted and
ground truth boxes, it struggles to accurately capture the true position of targets, especially
when faced with complex shapes or substantial background interference. These limitations
render traditional localization losses inadequate in certain scenarios, thereby diminishing
overall detection accuracy [65].

To overcome these challenges, the proposed AdaptiveDM Loss framework integrates
a multi-loss function design aimed at enhancing the performance of DETR-based object
detection models, particularly for density-aware object detection tasks. The Density Map
Loss serves as the core component of this framework, designed to optimize localization
and enhance detection through the use of density maps. In contrast to traditional bounding
box regression methods, the density map assigns a density value to each pixel, representing
the object distribution. This approach allows the model to more precisely locate objects in
dense regions. The model is trained to generate density maps that correlate with target
region density, adapting to variations in object distributions across different areas.

First, following the normalization defined in Equation (2), the predicted density map
D̂pred and the ground truth density map D̂gt are both normalized to [0, 1]. with a small
constant ϵ = 10−6 to ensure numerical stability.

After normalization, the difference ∆D between the predicted density map and the
ground truth density map is computed:

∆D = D̂pred − D̂gt, (24)

Next, dynamic adjustment of the weight for each location is performed based on the
difference between the predicted and ground truth density maps. The weight W(i, j) is
adjusted based on the relationship between the predicted and ground truth values and is
computed as follows:

W(i, j) = 1 + λrecall · D̂gt(i, j) · 1(D̂pred(i,j)<D̂gt(i,j)) + λprecision · D̂gt(i, j) · 1(D̂pred(i,j)>D̂gt(i,j)), (25)

where 1(D̂pred(i,j)<D̂gt(i,j)) and 1(D̂pred(i,j)>D̂gt(i,j)) are indicator functions that determine
whether recall or precision penalties should be applied based on the relationship between
the predicted and ground truth density maps. The weight coefficients λrecall and λprecision

control the influence of recall and precision penalties, respectively.
The final loss function is based on the weighted error computed for each pixel. The den-

sity loss Ldensity is the weighted mean squared error (MSE) and is computed globally as:

Ldensity =
1

HW

H

∑
i=1

W

∑
j=1

W(i, j) · (∆D(i, j))2, (26)
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where H and W are the height and width of the density map.
The final density map loss function, incorporating both recall and precision penalties,

is given by:

Ldensity = E(i, j)
[
(1 + λrecall · D̂gt(i, j) · 1under + λprecision · D̂gt(i, j) · 1over) · (D̂pred − D̂gt)

2
]
, (27)

where 1under and 1over are indicator functions for underestimation and overestimation,
respectively.

In this loss calculation, several key hyperparameters have a significant impact on the
model’s stability and convergence:

• λrecall and λprecision: These hyperparameters control the strength of the recall and
precision penalties. A larger recall penalty value encourages the model to focus more
on underestimated areas, while a larger precision penalty value penalizes excessively
high density predictions. These parameters should be adjusted according to the
characteristics of the dataset.

• ϵ: The stability term in normalization to avoid division by zero. This value is small
but critical for numerical stability.

• Loss weight Ldensity: The weighted mean squared error loss is the core loss, and the
choice of hyperparameters affects the model’s focus on different regions.

The role of AdaptiveDM Loss is to optimize the training process of object detection
models by incorporating density map generation and multi-scale feature fusion, particularly
in scenarios characterized by uneven object distribution or dense regions. Detection
accuracy and computational efficiency are enhanced by focusing the model’s attention
on dense regions and dynamically adjusting the allocation of computational resources.
Additionally, AdaptiveDM Loss contributes to the model’s robustness in complex scenes
by facilitating denoising training, enabling the model to maintain high accuracy even in the
presence of noise or partial target occlusion. This, in turn, results in an overall improvement
in object detection performance.

4. Experiments
4.1. Datasets

In this study, three publicly available drone-based datasets were utilized: Vis-
Drone2019 [66], DOTA-V1.5 [67] and UAVDT [68]. VisDrone2019 served as the primary
benchmark dataset, while DOTA-V1.5 and UAVDT were employed to assess the model’s
generalization ability across different datasets, thus providing a comprehensive validation
of the model’s performance and adaptability. These three datasets offer complementary
scene characteristics, aiding in the evaluation of the model’s object detection capabilities in
diverse and challenging environments [69].

The VisDrone2019 dataset was released by the Machine Learning and Data Mining
Laboratory at Tianjin University. It consists of high-resolution images captured from a vari-
ety of complex environments, covering 10 object categories such as pedestrians, vehicles,
and bicycles. The dataset includes 10,290 images in total, all with complete object annota-
tions. Of these, 6471 images were allocated for training, 548 for validation, and 1610 for
testing. These images are sourced from urban streets, traffic scenes, and various complex
backgrounds, offering a wide range of imaging conditions (e.g., varying lighting, weather,
camera altitudes, and viewing angles) and multi-scale object distributions. Notably, despite
its large training set (6471 images), the VisDrone2019 dataset remains highly challenging for
conventional object detectors due to its intrinsic properties: extreme scale variations (from
tiny pedestrians to large vehicles), high object density in crowded scenes (e.g., intersections
and markets), and complex background clutter (buildings, trees, shadows). This diversity
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presents significant challenges for object detection tasks, including occlusion, overlap,
and complex background interference.

On the other hand, the DOTA-V1.5 dataset includes 18 object categories, such as
airplanes, ships, roads, and buildings, covering a vast array of geographical areas. Primarily
composed of satellite and aerial remote sensing imagery (i.e., acquired from significantly
higher altitudes than typical drone-captured images), it is designed for object detection in
remote sensing scenarios. The dataset contains 1411 images for training, 458 for validation,
and 937 for testing. We included DOTA-V1.5 in our experiments to evaluate the cross-
domain generalization capability of DPF-DETR across different imaging altitudes and
platforms. Due to the high-altitude acquisition and large geographical coverage, objects
in this dataset exhibit a significantly broader scale spectrum than those in typical drone
imagery, ranging from tiny vehicles (a few pixels) to massive infrastructure (hundreds of
pixels). Consequently, this dataset poses greater challenges with respect to object scale,
background complexity, and occlusion between objects. UAVDT is also a dataset specifically
constructed for the object detection task from the perspective of drones. It contains dynamic
images in various complex scenes such as cities, villages, and transportation hubs. It
contains a total of 40,409 images of three categories: cars, trucks, and buses, with 23,829 for
training and 16,580 for testing.

The infographic for the VisDrone2019 dataset is shown in Figure 9. The first image
provides a dataset statistics summary, outlining essential details such as the total number of
images, categories, annotations, and the top three categories by instance count. The second
image presents a bar chart illustrating the top 10 categories by instance count, with ‘car’
being the most prevalent. The third image displays a heatmap showing the spatial distribu-
tion of object centers across the dataset, highlighting areas with higher object concentration.
The fourth image visualizes the distribution of object areas, revealing that the majority of
objects are relatively small. The fifth image presents the aspect ratio distribution of objects,
where the majority exhibit narrow aspect ratios. The sixth image shows a scatter plot of
object width versus height, indicating a positive correlation between the two attributes.
The seventh image is a pie chart categorizing objects into small, medium, and large sizes,
with small objects constituting the largest proportion. The eighth image is a boxplot that
illustrates the distribution of instances across categories, showing the mean and median
values for reference.

To ensure fairness and consistency in the experiments, all images from the Vis-
Drone2019, DOTA-V1.5 and UAVDT datasets were uniformly rescaled to 640 × 640 pixels,
which was used as the input size for the model. Since the DOTA-V1.5 dataset does not
provide ground truth annotations for the test set, all comparative experiments conducted
on this dataset were performed using the validation set.

4.2. Experimental Environment and Parameter Configuration

All experiments in this study were conducted in a unified deep learning environment
with the following configuration: the operating system was Ubuntu 22.04, the GPU used
was the RTX 4090 (24 GB memory), the CPU was a 16-core Intel® Xeon® Gold 6430, the deep
learning framework was PyTorch 2.3.0, and the CUDA version was 12.1. During model
training, the input image size was set to 640 × 640, with a batch size of 8 and a total of
160 training epochs. The initial learning rate was set to 0.0008, and the learning rate for the
Backbone was 0.0004. The optimizer used was AdamW, with a momentum value of 0.9
and a weight decay coefficient of 1 × 10−4. For the SOTA methods used in the comparative
experiments, all hyperparameters were strictly set according to the configurations reported
in their original papers.
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Figure 9. Information statistics of the Visdrone2019 dataset.

4.3. Evaluation Metrics

To comprehensively evaluate the performance of the proposed model, several core
evaluation metrics are utilized to assess its effectiveness and efficiency. The primary perfor-
mance metrics include the mean average precision (mAP) at various intersection over union
(IoU) thresholds, with particular emphasis placed on mAP50 and mAP50–95. In addition,
model efficiency is assessed through the total number of model parameters and the floating-
point operations per second (GFLOPs). These metrics provide a robust foundation for
thoroughly understanding the model’s detection performance and computational efficiency.

mAP is an important metric derived from precision (P), recall (R), and average preci-
sion (AP), and is calculated as follows:

Precision (P) measures the ratio of true positives (TP) to all predicted positives
(TP + FP):

P =
TP

TP + FP
, (28)

Recall (R) measures the ratio of true positives (TP) to the total number of actual
positives (TP + FN):

R =
TP

TP + FN
, (29)

Average Precision (AP) is computed by integrating the precision across different recall
levels, as follows:

AP =
∫ 1

0
P(r) dr, (30)
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where P(r) is the precision at a given recall rate r.
To further enhance the performance evaluation, the average precision for differ-

ent object sizes is also considered: APs (average precision for small objects, defined
as objects with area < 32 × 32 pixels2), APm (average precision for medium objects,
area between 32 × 32 and 96 × 96 pixels2), and APl (average precision for large objects,
area ≥ 96 × 96 pixels2). These categories are defined based on specific object areas within
pixel ranges, following the annotation guidelines of the MS COCO dataset.

There are two variants of mAP computation:

• mAP50 computes the average precision at an IoU threshold of 0.5, providing a general
evaluation of the model’s target detection.

• mAP50–95 computes the average precision across IoU thresholds ranging from 0.5
to 0.95 (with a step size of 0.05), providing a more comprehensive evaluation of
localization accuracy. The mathematical formulas are as follows:

mAP50 =
1
N

N

∑
n=1

APn(IoU = 0.5), (31)

and

mAP50–95 =
1

10N

N

∑
n=1

0.95

∑
i=0.5

APn(IoU = i), (32)

where N is the total number of object categories, and APn(IoU) represents the average
precision of category n at the given IoU threshold.

4.4. Best Configuration of DSM

To optimize the configuration of DSM, an ablation study was conducted on the Vis-
Drone2019 validation set, with a focus on analyzing the effect of different query factor
values on the model’s performance. The DPF-DETR model was used as the baseline, and all
subsequent ablation experiments were carried out based on the complete DPF-DETR model.
The experimental environment and hyperparameter settings were kept consistent with
those described in Section 4.2, and the evaluation metrics were measured at a resolution of
640 × 640. The primary evaluation metrics included mAP50, mAP50–95, as well as average
precision for different object sizes: small-object average precision (mAPs), medium-object
average precision (mAPm), and large-object average precision (mAPl). Since the query
factor does not influence the model’s parameters or computational load, no comparison
was made in terms of these aspects. The experimental results are presented in Table 1.

Five different query factor values were compared in the experiments. The results
indicate that the model performs optimally when the query factor is set to 5. It is believed
that the advantage of the third group lies in the moderate query factor value, resulting
in an optimal number of bounding boxes, which allows for effective target capture while
minimizing interference from excessive background noise. In contrast, the query factor
setting in the first and second group was insufficient to provide adequate receptive field
expansion for distant small targets in high-altitude scenarios, resulting in a 3.0% and 1.9%
decrease in mAP50 compared to the third group, and a 1.3% and 0.7% decrease in average
precision for small targets. The fourth and fifth group introduced excessive redundant
context, causing a 1.5% and 2.0% decrease in mAP50 compared to the third group, and a de-
cline in the average precision for targets across different resolutions. To determine whether
the observed performance differences are statistically significant, we conducted paired
t-tests across five independent runs for each query factor setting. The results show that
the configuration with a query factor of 5 achieves statistically significant improvements
over the other configurations (p < 0.05) in terms of mAP50 and mAPs. For instance, the im-
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provement over query factor 3 is significant with p = 0.018, and that over query factor 7 is
significant with p = 0.024. These results confirm that the advantage of the query factor of 5
is not merely numerical but statistically reliable.

Table 1. Optimal parameter ablation results of the DSM.

Query
Factor mAP50–95 mAP50 mAPs mAPm mAPl

3 0.213 0.359 0.102 0.343 0.487
4 0.217 0.370 0.108 0.350 0.496
5 0.222 0.389 0.115 0.365 0.527
6 0.220 0.374 0.101 0.351 0.509
7 0.215 0.369 0.101 0.349 0.505

The best result is highlighted in red bold.

4.5. Best Configuration for SFIM

A systematic ablation study was conducted on the Selective Feature Integration Mod-
ule using the VisDrone2019 validation set to determine its optimal configuration. The evalu-
ation metrics included mAP50, mAPs, model parameter count, and floating-point operations
per second (GFLOPs). The experimental results are presented in Table 2.

In the experiments, four sets of equally spaced parallel deep convolution kernel
configurations were designed and compared. The results indicated that the third con-
figuration (i.e., convolution kernels of [5, 7, 9, 11]) delivered the best performance. It is
believed that the moderate starting value and range of the third configuration enabled
it to effectively capture cross-scale spatial patterns and semantic features across various
receptive fields. This configuration not only captures detailed target features but also
integrates global information effectively over a large range, ensuring the comprehensive
use of multi-scale information.

In contrast, the first and second configurations, when processing distant targets or
complex backgrounds, employed smaller convolution kernels that were insufficient for
capturing adequate global information. In particular, their performance in extracting
large-scale background information was weaker, making it difficult to effectively sup-
press background noise. Consequently, compared to the third configuration ([5, 7, 9, 11]),
the first configuration ([1, 3, 5, 7]) showed a mean decrease of 1.9% in mAP50, and the second
([3, 5, 7, 9]) showed a mean decrease of 1.3%. To assess the statistical significance of these
differences, we performed five independent runs for each configuration and conducted
paired t-tests. The improvement of the third configuration over the first is statistically
significant (p = 0.008), and that over the second is also significant (p = 0.031).

The fourth configuration ([7, 9, 11, 13]), although utilizing larger convolution kernels,
resulted in wasted computational resources in scenes with small targets or high-resolution
details. Additionally, it was less precise in extracting small-scale information compared to
the moderate-sized kernels, leading to a mean decrease of 2.3% in small-target detection
accuracy (mAPs) relative to the third configuration. This difference is also statistically
significant (p = 0.019). These results confirm that the moderate kernel set [5, 7, 9, 11]
provides the best trade-off and statistically reliable performance gains.
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Table 2. Optimal parameter ablation results of the SFIM.

Convolution
Rate mAP50 mAPs Params GFLOPs

(1, 3, 5, 7) 0.370 0.095 4.50 M 9.60 G
(3, 5, 7, 9) 0.376 0.102 4.55 M 9.76 G

(5, 7, 9, 11) 0.389 0.115 4.68 M 9.94 G
(7, 9, 11, 13) 0.368 0.092 4.86 M 10.02 G

The best result is highlighted in red bold.

4.6. Best Configuration for CSFIM

To validate the advantages of the Context-Sensitive Feature Interaction Module (CS-
FIM) fusion method over concatenation (Concat) and addition (Add) operations, and to
analyze the roles of the individual components within the CSFIM, comparative experiments
were conducted on the VisDrone2019 validation set. The experimental design included
five groups: Group A (using the concatenation operation from the original model), Group
B (replacing all concatenation operations with addition), Group C (CSFIM with only the
attention mechanism), Group D (CSFIM with only the bi-directional feature enhancement
strategy), and Group E (using the complete CSFIM). The experimental results are shown in
Table 3.

The results indicate that the CSFIM increased mAP50 to 38.9%, surpassing the con-
catenation operation by 0.7%. This improvement is attributed to the CSFIM’s capacity to
efficiently integrate heterogeneous feature representations across scales. In contrast, Group
B’s addition operation, which overlooked the importance of feature weighting, resulted in a
3.7% decrease in mAP50. Despite the lightweight nature of the addition operation, it did not
effectively enhance feature fusion quality, ultimately sacrificing accuracy. Group A’s con-
catenation operation, lacking an effective feature selection mechanism, performed worse
than CSFIM, further confirming the importance of targeted feature fusion in enhancing
detection performance in dense small-object scenes.

Further analysis of the module components revealed that both Group C (only the
attention mechanism) and Group D (only the bi-directional feature enhancement strategy)
yielded inferior results compared to the complete CSFIM. However, a potential concern is
that the superior performance of the complete CSFIM might simply arise from increased
parameterization (overparameterization) rather than architectural innovation. To rule
out this possibility, we designed an additional control experiment: a parameter-matched
version of Group C (denoted Group C+), where we added extra convolutional layers
to Group C to match the total number of parameters of the complete CSFIM (Group E),
while keeping the attention-only design unchanged. As shown in Table 3, Group C+

achieves only a marginal improvement (mAP50 = 38.2%) over Group C (38.0%), which is
not statistically significant (p = 0.34). In contrast, the complete CSFIM (Group E) achieves a
substantially higher mAP50 (38.9%) with the same parameter budget, and this improvement
over Group C+ is statistically significant (p = 0.009). These control results confirm that the
performance gain of CSFIM is attributable to its architectural design, specifically the synergy
between attention-based recalibration and bidirectional feature interaction rather than
to overparameterization.

Statistical analysis of the results in Table 3 reveals that Groups A (Concat), C (attention
only), C+ (parameter-matched attention), and D (bidirectional only) yield mAP50 values that
are not significantly different from each other (p > 0.05). Only the complete CSFIM (Group
E) achieves a statistically significant improvement over Groups A, C, and C+ (p < 0.05).
The improvement over Group D is positive but only marginally significant (p = 0.06),
suggesting that while the combination of attention and bidirectional enhancement provides
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additional benefit, the effect size is modest. Nevertheless, the complete CSFIM consistently
outperforms all other fusion strategies across multiple runs, and its advantage over simple
concatenation or addition is statistically robust. These findings support the conclusion
that the synergy between attention-based recalibration and bidirectional feature interaction
contributes positively to detection performance, though further optimization may be
needed to amplify the gain. The integration of these components allows for the effective
exploitation of relationships between features at different scales, thereby enhancing the
overall performance of the model.

Table 3. Optimal parameter ablation results of the SFIM.

Fusion Mode mAP50 mAPs Params (M)

A 0.382 0.107 4.62
B 0.352 0.086 4.60
C 0.380 0.111 4.62

C+ 0.382 0.112 4.68
D 0.385 0.113 4.66
E 0.389 0.115 4.68

The second row is highlighted in red bold.

4.7. Ablation Study

To further validate the role and importance of each component in the DPF-DETR
model, a comprehensive ablation study was conducted on the VisDrone2019 test set.
The DSM, MSFFN, CSFIM, and AdaptiveDM Loss were incrementally added to the baseline
model, DPF-DETR, and the performance of different model combinations was compared.
The experimental setup was consistent with the descriptions provided in Section 4.2.
The experimental results are presented in Table 4.

Table 4. Ablation experiments based on the D-Fine baseline on the VisDrone2019 test set.

DSM MSFFN CSFIM AdaptiveDM
Loss mAP50 mAP50–95 Params (M) GFLOPs

(G)

- - - - 0.334 0.183 3.73 7.12
✓ - - - 0.343 0.190 3.97 7.07
- ✓ - - 0.344 0.192 4.41 9.97
- - ✓ - 0.337 0.185 3.76 7.14
- - - ✓ 0.338 0.186 3.73 7.12
✓ ✓ - - 0.352 0.201 4.65 9.91
✓ ✓ ✓ - 0.355 0.204 4.68 9.94
✓ ✓ ✓ ✓ 0.359 0.207 4.68 9.94

The best result is highlighted in red bold.

The ablation study results confirm the effectiveness of the proposed modules. The com-
plete DPF-DETR model led to a 2.5% improvement in mAP50 and a 2.4% improvement in
mAP50–95, while the model parameters increased by only 25.4% and the computational load
by 39.5%.

Notably, the DSM module, while maintaining a complexity comparable to the original
DPF-DETR decoder, resulted in a minor increase in parameters from 3.73 M to 3.97 M upon
replacing the TransformerDecoder in DPF-DETR. The FLOPs decreased slightly from 7.12 G
to 7.07 G, yet mAP50 increased by 0.9%. This enhancement is attributed to the Density-
aware Query Selection method, which introduces the density map module to explicitly
model the spatial distribution of targets, providing effective spatial prior information,
particularly for detecting dense targets. This method utilizes multi-scale parallel deep
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convolutions to capture target features at different scales, extracting fine-grained density
information while aggregating contextual information, thus improving performance in both
sparse and dense regions. Max-pooling operations suppress noise and enhance robustness,
while bilinear upsampling ensures pixel-level alignment of the density map with the input
image, optimizing target localization. Additionally, the normalized density map serves
as spatial attention weights and confidence priors, further improving detection accuracy
and localization.

In the MSFFN experiment, the redesigned feature pyramid combined with the selective
feature integration module significantly enhanced model performance. MSFFN increased
mAP50 to 35.2% (a 0.9% improvement). The introduction of the Selective Feature Integration
Module (SFIM) and the feature diffusion mechanism greatly improved multi-scale feature
fusion capabilities, optimizing the information integration process. The network effectively
captures features at various scales through a combination of convolution kernels, retaining
local details while incorporating global semantic information, thereby improving the
model’s adaptability to complex scenes.

Moreover, the inclusion of the CSFIM (on top of MSFFN) raised the mean mAP50 from
35.2% to 35.5%. However, a paired t-test over five independent runs indicates that this
0.3% absolute increase is not statistically significant (p = 0.18). Therefore, the isolated con-
tribution of CSFIM alone should be interpreted with caution. Nevertheless, as shown in our
detailed module analysis (Section 4.6, Table 3), the complete CSFIM achieves statistically
significant improvements over simpler fusion strategies (e.g., Concat or Attention-only)
when controlling for parameter count. Moreover, in the full DPF-DETR model (all modules
combined), CSFIM contributes to a cumulative gain, and its benefits are more pronounced
in small-target detection (mAPs) and in dense scenes, where the bidirectional feature in-
teraction helps resolve occlusions and scale variations. This improvement stems from
CSFIM’s effective combination of low-level spatial features and high-level semantic cues,
significantly enhancing the multi-scale feature fusion process, particularly in small tar-
get detection tasks in complex environments. In this module, low-level spatial features
are seamlessly combined with high-level semantic information (such as refining target
boundaries) through the attention mechanism, while high-level features retrieve essential
spatial information from low-level details. This bidirectional enhancement strategy miti-
gates semantic conflicts in multi-scale fusion and optimizes the feature integration process,
substantially improving small target detection accuracy in cluttered backgrounds (e.g.,
dense crowds). Overall, CSFIM strengthens the contextual correlation between features,
enhancing the detection accuracy of small targets in challenging scenarios.

Additionally, the incorporation of AdaptiveDM Loss (on top of the other three mod-
ules) resulted in mean improvements of 0.4% in mAP50 and 0.3% in mAP50–95. However,
paired t-tests over five independent runs indicate that these improvements are not statisti-
cally significant (p = 0.21 for mAP50, p = 0.34 for mAP50–95).

The primary purpose of AdaptiveDM Loss is to improve the quality of density map
predictions, which are essential for the Density Sensing Mechanism (DSM). Without Adap-
tiveDM Loss, the Mean Absolute Error (MAE) of the predicted density map is 0.087; with
AdaptiveDM Loss, it decreases to 0.071, indicating a meaningful enhancement in density
estimation. Furthermore, when evaluating on dense scenes (images containing more than
50 objects), the gain in mAP50 reaches 0.8% (p = 0.04), confirming that the loss function is
particularly beneficial in high-density scenarios. These results suggest that AdaptiveDM
Loss fulfills its intended role of refining density map supervision, and its benefits are best
realized in conjunction with DSM and in dense target environments. This improvement is
attributed to the AdaptiveDM Loss’s ability to adjust weights adaptively, addressing over-
estimation and underestimation errors. It introduces precision- and recall-based weighting,
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applying distinct weights to overestimated and underestimated regions, thereby balancing
the contribution of various error types to the loss. The loss function also emphasizes regions
with larger errors in the density map through weighted squared errors, enhancing model
performance in critical areas and ultimately yielding more accurate density distribution
predictions, especially in dense target detection tasks.

The ablation study results indicate that all four modules must function collaboratively
to achieve optimal performance, effectively validating the importance of the density-
aware module, feature focus and diffusion mechanism, context-sensitive feature interaction
module, and AdaptiveDM Loss in remote sensing object detection.

4.8. Comparison Experiment

To comprehensively evaluate the performance of DPF-DETR across varying model
complexities and between specialized and general models, experiments were conducted on
the VisDrone2019 test set (Table 5) and the DOTA-V1.5 validation set (Table 6). In these
experiments, DPF-DETR was compared with multiple benchmark models and state-of-the-
art (SOTA) models, using metrics such as mean average precision (mAP), parameter count,
and floating-point operations per second (GFLOPs). One-stage models rely on anchor-based
mechanisms to generate predictions and depend on post-processing, whereas end-to-end
models directly output predictions through set prediction and bipartite graph matching,
eliminating the need for post-processing. These two model types differ fundamentally in
their architectures. To maintain clarity, the “Input shape” column in the tables specifies
the input size settings, with all models retaining the original input sizes reported in their
respective papers.

As presented in Table 5, DPF-DETR achieves the highest mAP50–95 and mAP50 on
the VisDrone2019 test set. In terms of small-object detection accuracy, it performs slightly
worse than the state-of-the-art end-to-end model RT-DETR-R18, but its parameter count is
only 23.4% of that model’s. Despite having more parameters than our baseline model D-
Fine-N, DPF-DETR outperforms the baseline in both computational efficiency and accuracy.
With a parameter count of 4.68 M and a computational load of 9.94 G FLOPs, DPF-DETR is
significantly more efficient than most comparison models, achieving a balance between
accuracy and efficiency while maintaining a low computational cost.

Table 5. On the VisDrone 2019 test set, DPF-DETR is compared with the benchmark and SOTA
models. For each metric, the best result is highlighted in bold red, and the second-best result is
highlighted in bold blue.

Model Input mAP50 mAP50–95 mAPs mAPm mAPl Params GFLOPs

One-Stage Object Detector

TOOD-R50 [70] (768, 1344) 0.339 0.204 0.102 0.317 0.403 32.04 M 199 G
RetinaNet-R50 [71] (768, 1344) 0.276 0.164 0.060 0.274 0.427 36.52 M 210 G

GFL [72] (768, 1344) 0.321 0.193 0.094 0.300 0.409 32.28 M 206 G
ATSS-R50 [73] (768, 1344) 0.338 0.204 0.100 0.317 0.485 38.91 M 110 G

RTMDet-Tiny [74] (640, 640) 0.312 0.184 0.077 0.288 0.445 4.88 M 8.03 G
YOLOV8-M [24] (640, 640) 0.332 0.190 0.090 0.294 0.417 25.85 M 78.7 G
YOLOV10-M [5] (640, 640) 0.345 0.195 0.097 0.300 0.414 15.32 M 58.9 G
YOLOV11-M [6] (640, 640) 0.350 0.203 0.098 0.312 0.413 20.04 M 67.7 G
YOLOV12-M [7] (640, 640) 0.336 0.192 0.094 0.298 0.386 20.11 M 67.2 G

YOLOV26-M [75] (640, 640) 0.332 0.186 0.096 0.281 0.361 20.36 M 67.9 G
FBRT-YOLO-M [76] (640, 640) 0.344 0.196 0.094 0.309 0.421 7.36 M 58.7 G

Two-Stage Object Detector

Faster-RCNN-R50 [3] (768, 1344) 0.329 0.194 0.095 0.309 0.429 41.39 M 208 G
Cascade-RCNN-R50 [77] (768, 1344) 0.326 0.197 0.099 0.309 0.406 69.29 M 236 G

https://doi.org/10.3390/rs18081221

https://doi.org/10.3390/rs18081221


Remote Sens. 2026, 18, 1221 25 of 34

Table 5. Cont.

Model Input mAP50 mAP50–95 mAPs mAPm mAPl Params GFLOPs

End-to-end Object Detector

DETR [12] (750, 1333) 0.333 0.184 0.081 0.287 0.446 41.57 M 96.5 G
Deformable-DETR [44] (750, 1333) 0.343 0.194 0.095 0.296 0.457 40.10 M 193 G

Conditional-DETR-R50 [78] (750, 1333) 0.338 0.189 0.086 0.291 0.452 43.45 M 101 G
RT-DETR-R18 [27] (640, 640) 0.333 0.185 0.113 0.275 0.423 20 M 60 G

D-Fine-N [30] (Baseline) (640, 640) 0.334 0.183 0.093 0.270 0.442 3.73 M 7.12 G
DEIM-D-Fine-N [43] (640, 640) 0.322 0.177 0.090 0.262 0.376 3.73 M 7.12 G

DEIMV2-S [45] (640, 640) 0.357 0.204 0.107 0.299 0.452 9.67 M 25.39 G

Ours

DPF-DETR (640, 640) 0.359 0.207 0.108 0.309 0.462 4.68 M 9.9 G

Furthermore, a systematic performance evaluation was conducted on nine models, in-
cluding DPF-DETR, using the VisDrone2019 test set, with the results visualized in Figure 10.
Each data point in the figure represents a model, where the x-axis denotes the model’s
parameter count and the y-axis shows the detection accuracy at mAP50. The data points
are color-coded to distinguish between one-stage, two-stage, and end-to-end detectors.
The DPF-DETR model, represented by the red circle, exhibits an exceptional balance
between model size and detection performance, achieving the highest mAP50 while main-
taining a relatively low parameter count of 4.68 M. This highlights its capability to optimize
both accuracy and computational efficiency when compared to other models.

Figure 10. Comparison chart of different models on the VisDrone2019 test set.

The experimental results on the DOTA-V1.5 validation set further demonstrate the
effectiveness of DPF-DETR. Table 6 presents supplementary comparison models selected
based on similar complexity levels (parameters and FLOPs) to DPF-DETR, ensuring a
fair accuracy comparison. DPF-DETR achieves a mAP50 of 69.7%, which is the highest
among all compared models with comparable or larger parameter budgets. Specifically, it
outperforms the baseline D-Fine-N by 4.7% in mAP50 (69.7% vs. 65.0%) while using only
0.95M additional parameters (4.68M vs. 3.73M) and a modest increase in computational cost
(9.94 GFLOPs vs. 7.12 GFLOPs). In terms of mAP50–95, DPF-DETR attains 43.8%, which is
slightly lower than HSF-DETR (44.7%) but surpasses all other methods. Considering its
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substantially lower parameter count and FLOPs compared to HSF-DETR, DPF-DETR offers
a favorable trade-off between accuracy and efficiency. These results confirm that DPF-DETR
generalizes well to aerial remote sensing images with different object distributions and
scale characteristics.

Table 6. On the DOTA-v1.5 validation dataset, DPF-DETR is compared with the benchmark and
SOTA models. For each metric, the best result is highlighted in bold red, and the second-best result is
highlighted in bold blue.

Model mAP50 mAP50–95

D-Fine-N [30] (Baseline) 0.650 0.412
RT-DETR-R18 [27] 0.646 0.409

HSF-DETR [17] 0.693 0.447
Faster R-CNN [3] 0.665 0.399
YOLOV8-S [24] 0.657 0.402
YOLOV10-M [5] 0.661 0.421
YOLOV11-M [6] 0.667 0.424
YOLOV12-M [7] 0.671 0.428
AG-YOLO [79] 0.728 0.466

Ours

DPF-DETR 0.729 0.458

To further evaluate the generalization capability of DPF-DETR across different
drone-based scenarios, we additionally conduct experiments on the UAVDT dataset, which
features dynamic urban and suburban scenes with vehicle-centric categories. As reported in
Table 7, DPF-DETR consistently outperforms all compared methods, achieving the highest
mAP50 (40.8%) and mAP50–95 (26.1%). Notably, it surpasses the recent VRF-DETR by 0.5%
in mAP50 and 0.2% in mAP50–95, while also exceeding the baseline D-Fine-N by 2.3% and
2.0%, respectively. These results confirm that the proposed density-aware query selection
and multi-scale feature fusion modules are not over-fitted to a single dataset but generalize
well to other aerial benchmarks with different object distributions and scene complexities.

Table 7. On the UAVDT test dataset, DPF-DETR is compared with the benchmark and SOTA models.
For each metric, the best result is highlighted in bold red, and the second-best result is highlighted in
bold blue.

Model mAP50 mAP50–95

D-Fine-N [30] (Baseline) 0.385 0.241
RT-DETR-R18 [27] 0.381 0.233

Deformable-DETR [44] 0.284 0.171
DETR [12] 0.365 0.221

Faster R-CNN [3] 0.307 0.169
Cascade R-CNN [77] 0.305 0.171

YOLOV8-M [24] 0.310 0.188
YOLOV5-M [25] 0.298 0.172

FBRT-YOLO-M [76] 0.311 0.184
VRF-DETR 0.403 0.259

Ours

DPF-DETR 0.408 0.261

Furthermore, in the real-time performance evaluation, the inference efficiency of
the model is influenced by various factors, such as hardware configuration, running
environment, batch size, and code optimization. To ensure fairness and reproducibility
in the comparative experiments, tests were conducted on the same hardware platform
(configuration described in Section 4.2) using the same dataset (VisDrone2019 test set)
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under simulated resource-limited conditions (with the batch size set to 1). The baseline
model D-Fine-N and RT-DETR-R18 were compared with DPF-DETR, all using an input
image size of 640 × 640. In these experiments, inference time and frames per second (FPS)
were utilized as evaluation metrics to assess the model’s real-time response capability
during continuous inference tasks. The results are presented in Table 8.

Table 8. Compare the real-time performance of DPF-DETR, RT-DETR, and D-Fine on the 640 × 640
VisDrone2019 test set.

Batch Size Model Inference Time (ms) FPS

1
RT-DETR-R18 1.12 889.75

D-Fine-N 1.08 924.63
DPF-DETR (Ours) 1.84 543.48

As presented in Table 8, DPF-DETR demonstrated exceptional real-time performance
on the VisDrone2019 test set. The model achieved an inference time of 1.84 ms and a
frames per second (FPS) rate of 543.48. Although these results were slightly lower than
those of RT-DETR-R18 and D-Fine-N, DPF-DETR surpassed the critical 60 FPS threshold,
which is essential for human perception, thus fulfilling the real-time requirements for most
practical scenarios. This performance was accomplished with a low computational load of
9.94 G FLOPs, indicating that both inference speed and detection accuracy were effectively
optimized. Consequently, DPF-DETR exhibits significant potential for deployment in
real-time object detection applications.

4.9. Visual Analysis

To facilitate a visual comparison of the detection performance between DPF-DETR and
the baseline model DFine-N, several images from the VisDrone2019 test set were selected,
and inference was performed using both models. These images, exhibiting varying heights,
angles, lighting conditions, and occlusions, offer a comprehensive demonstration of model
performance across different scenarios. Figure 11 displays the detection results of both
DFine-N and DPF-DETR, with a comparison to the original annotations from the dataset.

The experimental results demonstrate that, in addressing the challenges posed by
large target scale variations and complex feature extraction in drone-captured images,
the proposed DPF-DETR model outperforms the baseline model D-Fine-N by clear margins.
As reported in Table 5, DPF-DETR achieves a 2.5% higher mAP50, a 2.4% higher mAP50–95,
and a 1.5% higher mAPs on the VisDrone2019 test set. These improvements are statistically
significant based on paired t-tests over five independent runs (p < 0.05 for all three metrics).
This quantitative evidence indicates that DPF-DETR possesses stronger feature capturing
and multi-scale representation capabilities. To visually illustrate how the model allocates
attention during the detection process, dense small target images from the VisDrone2019
dataset were selected, and the attention heatmaps of both DPF-DETR and DFine-N were
compared. Figure 12 presents the attention distributions of the two models.

The experimental results indicate that DPF-DETR significantly enhances its attention
to dense small target regions, particularly in dense crowd scenarios. It can be observed
that the attention distribution of DPF-DETR is more refined, and the object boundaries are
clearer, especially in deeper feature layers (e.g., P5). This effect is particularly pronounced,
suggesting that the proposed module effectively improves the model’s ability to retain more
local information. This validates that the hybrid architecture employed better balances the
integration of detailed information with high-level semantic features.
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(a) Original annotations in the dataset (b) The detection results of D-Fine (c) The detection results of DPF-DETR

Figure 11. Visualization of detection results on the VisDrone dataset. Each row shows a different
perspective and height.

(a) The Heatmap of D-Fine (b) The Heatmap of DPF-DETR

Figure 12. Comparison of visual heat maps in scenarios with confusing objects.

5. Discussion
In the preceding section, the performance and strengths of the DPF-DETR model

were critically analyzed in comparison to existing methods for UAV-based object detection.
The experimental results obtained from the VisDrone2019, DOTA-V1.5 and UAVDT datasets
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validate the effectiveness of DPF-DETR in addressing the challenges associated with high-
density targets, complex backgrounds, and large variations in object scale.

A key contribution of DPF-DETR lies in the innovative implementation of the Density-
Aware Query Selection (DSM), which dynamically adjusts the number of queries based
on the spatial density of objects within the scene. This adaptive mechanism improves the
model’s focus on dense regions while reducing unnecessary computational costs in sparser
areas. This approach not only enhances detection accuracy, particularly for small targets,
but also ensures the efficient utilization of computational resources.

The introduction of the Adaptive Density Map Loss (AdaptiveDM Loss) further
augments the model’s performance by directing attention to regions with high errors in
the density map, thereby improving localization accuracy and object detection precision
in dense and complex scenarios. This capability proves essential for handling common
challenges in aerial imagery, such as occlusions and overlapping objects.

In addition, the Multi-Scale Feature Fusion Network (MSFFN) and the Context-
Sensitive Feature Interaction Module (CSFIM) have significantly improved the model’s
ability to integrate features from different scales. MSFFN enhances multi-scale feature
extraction by ensuring optimal fusion of both low-level spatial details and high-level se-
mantic information, thereby increasing the model’s capacity to detect objects of various
sizes. CSFIM further refines this process by guiding the fusion with contextual information,
thereby reducing semantic discrepancies between features of different scales, which is
critical for dense target detection.

The current experiments were conducted on raw perspective images, which provide
neither orthorectified results nor pose information. In principle, orthorectification reduces
perspective distortion and homogenizes ground sampling distance, which would decrease
intra-image scale variation and potentially make the density map learning more regular.
Therefore, we hypothesize that DPF-DETR could maintain or even slightly improve its
performance on high-quality orthophotos, though this requires dedicated verification.
Moreover, aerotriangulation provides accurate exterior orientation parameters. These pose
data could be incorporated as additional positional encodings into the Transformer decoder,
enabling the model to exploit geometric constraints for better handling of occlusions
and severe perspective distortions. While these extensions are beyond the scope of this
work, they represent promising future directions to further enhance the robustness of
density-aware detection in geometrically complex UAV scenarios.

While DPF-DETR demonstrates outstanding performance, the analysis identifies areas
for potential enhancement. Specifically, further improvements in the model’s handling
of small targets in highly occluded or cluttered environments are needed. Incorporating
spatiotemporal dynamics could also enhance robustness, particularly in scenarios where
objects are in motion, such as in real-time UAV applications. Additionally, optimizations in
query selection and computational efficiency could facilitate the deployment of DPF-DETR
in resource-constrained environments, such as edge devices.

While this study focuses on UAV imagery using optical data, the integration of LiDAR
and SLAM could further enhance the model’s capability, especially for applications requir-
ing detailed 3D spatial information. Future work will explore the potential of incorporating
LiDAR data and SLAM techniques to improve detection accuracy and robustness in more
complex environments.

6. Conclusions
This study introduces DPF-DETR, a novel approach to object detection in UAV im-

agery, designed to tackle significant challenges such as large-scale variations, complex
backgrounds, and dense targets. Through the innovative integration of Density-Aware

https://doi.org/10.3390/rs18081221

https://doi.org/10.3390/rs18081221


Remote Sens. 2026, 18, 1221 30 of 34

Query Selection (DSM), Adaptive Density Map Loss (AdaptiveDM Loss), Multi-Scale
Feature Fusion Network (MSFFN), and Context-Sensitive Feature Interaction Module
(CSFIM), DPF-DETR exhibits exceptional performance in both detection accuracy and
computational efficiency.

The primary strength of DPF-DETR lies in its ability to dynamically adjust the number
of queries based on the spatial density of objects within the scene. This adaptive mech-
anism not only improves the model’s ability to handle dense and small objects but also
ensures efficient allocation of computational resources, making the model suitable for
real-time applications. By incorporating multi-scale feature fusion, DPF-DETR captures
fine-grained details while also accounting for broader contextual information, thereby
enhancing robustness in complex environments.

Furthermore, the inclusion of AdaptiveDM Loss strengthens the model’s localiza-
tion capabilities by prioritizing regions where predictions are less accurate, resulting in
improved overall detection performance. This is particularly advantageous in scenarios
characterized by complex background clutter and object occlusions, which are common in
aerial imagery.

In this study, the proposed method is specifically designed and applied to UAV
imagery due to the unique challenges posed by drone-captured images. UAVs typically
operate at lower altitudes, providing high-resolution imagery with significant variations
in target scale and complex backgrounds, which are particularly difficult to handle in
object detection tasks. Additionally, UAV imagery often involves dense distributions
of objects in dynamic environments, which requires specialized handling and adaptive
strategies, such as our Density Sensing Mechanism (DSM) and Multi-Scale Feature Fusion
Network (MSFFN).

While traditional airplane-derived and ground-based imagery present their own set
of challenges, such as larger flight altitudes and different spatial resolutions, the cur-
rent approach primarily addresses the specific needs of UAV-based detection. However,
the methods developed here are not limited to UAV imagery alone; they are adaptable and
can be extended to other remote sensing data sources in the future. Further research will ex-
plore how our proposed strategies perform on airplane-derived and ground-based imagery,
with the goal of broadening their applicability across various remote sensing applications.

In conclusion, DPF-DETR achieves quantifiable improvements in UAV-based object
detection. On the VisDrone2019 test set, it outperforms the baseline D-Fine-N by 2.5% in
mAP50 and by 2.4% in mAP50–95, while using only 4.68 M parameters. On DOTA-V1.5, it
attains 69.7% mAP50, the highest among compared models with similar or larger parameter
budgets. On the UAVDT dataset, DPF-DETR achieves 40.8% mAP50 and 26.1% mAP50–95,
surpassing the baseline D-Fine-N by 2.3% and 2.0%, respectively. These consistent results
across three challenging drone-based datasets demonstrate a favorable balance between
detection accuracy and computational efficiency. Future research will focus on refining
the model’s performance in more challenging environments and enabling deployment on
platforms with limited computational resources. With its robust feature integration and
dynamic query mechanisms, DPF-DETR shows promise for real-world UAV applications.
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