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ABSTRACT Accurate target boundary extraction is essential for high-precision image interpretation in
intelligent sensing systems and provides important technical support for electromagnetic imaging, remote
sensing, and vision-assisted signal perception applications. Owing to the limited feature representation
capability of the original Detection Transformer (DETR) when processing objects at different scales,
target boundary extraction accuracy remains insufficient, particularly in scenarios involving fine-grained
contour localization. To address this issue, an improved DETR framework based on a multi-scale
perception structure is proposed. A multi-scale encoding architecture integrated with a feature pyramid
network is employed to capture features at multiple resolutions, enhancing boundary-aware spatial
representations through an edge completion mechanism. A scale-aware multi-head attention module is
incorporated into the encoder to preserve scale consistency during global feature modeling and reduce
semantic drift. Furthermore, a boundary regression head combined with positional embedding jointly
exploits spatial and semantic information to improve contour localization, while an IoU-aware loss
function optimizes prediction accuracy in overlapping regions. Experimental results demonstrate that
the proposed method increases the average IoU from 0.81 to 0.86 and improves target boundary AP from
44.9% to 48.1%. Compared with Deformable-DETR and Elastic-DETR, it also achieves lower boundary
error ratios, confirming that the proposed multi-scale perception mechanism effectively enhances high-
precision boundary fitting and offers practical value for intelligent visual sensing systems in engineering
applications.

INDEX TERMS DETR architecture, multi-scale feature fusion, boundary extraction, intelligent sensing,
electromagnetic imaging

I. INTRODUCTION

ACCURATE boundary extraction underpins precise tar-
get localization and recognition in image detection

tasks.
With the continuous development of deep learning tech-

nology, end-to-end detection architecture has made signifi-
cant progress in reducing artificial prior intervention and im-
proving detection efficiency [1-3]. DETR, as an end-to-end
target detection method integrating Transformer structure,
realizes unified modeling of various targets in the image
by constructing a global attention mechanism, breaking
the dependence of traditional detection methods on anchor
boxes and NMS (Non-Maximum Suppression), and showing
strong structural versatility and modeling capabilities [4-6].
The current target detection system based on DETR still has
significant deficiencies in boundary area extraction, which
limits its further expansion in fine detection scenarios [7-9].

In practical applications, target size changes, background
interference, and boundary ambiguity constitute the main

challenges of target boundary extraction. Scale differences
lead to the limited expression ability of traditional single-
scale feature extraction strategies when dealing with small
targets or complex structural areas. The presence of interfer-
ence information in the background weakens the focusing
effect of the attention mechanism on the boundary con-
tour, while edge blur or target occlusion further aggravates
the problem of model positioning offset and inaccurate
boundary regression [10,11]. The multi-scale perception
mechanism applies cross-level semantic fusion and spatial
alignment strategies, so that the model can take into account
both detail preservation and structural consistency, and im-
prove the response quality of boundary features at different
scales. Under the end-to-end detection architecture, since
the Transformer relies on fixed position encoding and global
feature modeling strategies, it lacks an adaptive processing
mechanism for local details and scale changes, ignoring the
high-frequency details and local geometric structures of the
target boundary area, resulting in a decrease in boundary
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prediction accuracy [12,13].
To alleviate the above problems, researchers have pro-

posed a variety of methods based on improving feature
expression and enhancing spatial modeling capabilities. The
multi-scale noise scheduling strategy selectively enhances
the high-confidence features of the boundary area in the fea-
ture fusion stage and suppresses the redundant responses of
the blurred area, which can achieve directional enhancement
of boundary details. In the feature extraction stage, some
works apply FPN structures to capture multi-scale semantic
information and achieve the fusion of low-level details and
high-level semantics through lateral connections, which en-
hances the response ability to small targets and edge details
to a certain extent [14-16]. In the Transformer module, some
studies have also tried to embed local attention mechanisms
in the encoder or apply multi-scale query schemes in the
decoder to improve the structure’s recognition accuracy
of boundary areas [17,18]. In response to the problem of
boundary positioning offset, some works have applied IoU-
aware loss or center modulation strategies to enhance the
model’s ability to regress high-precision bounding boxes
[19,20]. In the actual detection process, these methods are
prone to apply scale interference during the fusion process,
resulting in insufficient feature consistency, and lack of
explicit modeling mechanism for scale dependence, and
there are still significant errors in boundary area positioning
[21,22].

To solve the problem of insufficient scale-aware in DETR
in target boundary extraction, an improved detection frame-
work combined with a multi-scale perception structure is
therefore designed. This framework constructs a pyramid
feature network in the input feature encoding stage to extract
semantic representations at different resolutions, and uses a
lightweight dynamic convolution module to perform cross-
scale feature fusion to improve the expression accuracy of
the boundary response area. This proposed framework ef-
fectively improves the detection structure’s ability to model
the boundary areas of targets of different scales, promoting
the performance development of end-to-end target detection
systems toward fine boundary extraction.

II. RELATED WORK
In the target detection method driven by the Transformer
architecture, researchers have continuously promoted the
adaptability and detection accuracy of the model in complex
scenes through structural innovation and task specialization.
Ahmed et al. effectively improved the accuracy and posi-
tioning accuracy of remote sensing image target detection
by integrating YOLOv7 and DETR algorithms and applying
an intelligent selection module. The experiment verified its
optimization effect in complex scenes [23].

Researchers gradually explored the deep collaborative
path of fusion strategy and feature interaction mechanism
to improve the model’s adaptability to different data modal-
ities and complex scene conditions [24,25]. Zang et al.
proposed a twin network that integrated histogram layers

and cross-modal Transformer based on the characteristics
of different day and night scenes. By strengthening multi-
modal feature interaction during the day, simplifying the
structure at night, and focusing on thermal imaging, the
pedestrian detection accuracy was effectively improved [26].
Precisely modeling local and global semantic associations
under complex spatiotemporal conditions has become an
important breakthrough in improving the robustness and
generalization ability of target detection [27,28].

In the task of target boundary extraction from image
data, multi-scale perception mechanism has been widely
used in structural optimization and accuracy improvement
as a key means to enhance the model’s perception abil-
ity and detail recovery ability. Liu et al. achieved fine-
grained spatial information capture in the boundary extrac-
tion branch by integrating multi-scale dilated convolution
and gated feature fusion mechanism, significantly improving
the segmentation accuracy of complex building contours
[29]. Based on the boundary perception ability of the
multi-scale structure enhancement model, multi-level feature
fusion is further used to refine the edge information ex-
pression [30,31]. The MBR-HRNet (Multi-scale Boundary-
Refined High-Resolution Network) model proposed by Yan
et al. integrated different levels of features through a multi-
scale context fusion module and combined the boundary
refinement branch to enhance edge information learning,
effectively improving the extraction accuracy and detail
integrity of building boundaries in complex scenes [32].
While strengthening the expression of edge details, the
application of edge constraint mechanism has become a key
strategy to improve boundary discrimination and global con-
sistency [33]. Wang et al. constructed a MEC-Net (Multi-
scale Edge Constraint Network) model that integrated multi-
scale edge constraints and data enhancement, effectively
improving the accuracy of building boundary extraction and
overall segmentation performance, and achieved excellent
performance on multiple public datasets [34]. The above
research has made some progress driven by the multi-scale
perception mechanism, but when faced with image scenes
with drastic scale changes or high boundary ambiguity, there
are still problems such as unstable boundary positioning and
insufficient detail recovery.

III. MULTI-SCALE PERCEPTION DETR BOUNDARY
ENHANCEMENT MECHANISM
A. FRAMEWORK STRUCTURE AND OVERALL
PROCESS
This paper designs an improved framework that integrates
multi-scale perception structure to improve the scale adapt-
ability of DETR in target boundary extraction. The overall
architecture retains the advantages of Transformer backbone
modeling while applying a scale modeling mechanism to
enhance the expression ability of boundary features. The
structure achieves refined extraction of boundary informa-
tion while maintaining the end-to-end inference process
through the organic integration of multi-scale feature en-
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coding, scale-aware attention mechanism, and boundary
regression module.

Figure 1 shows the fusion method of the DETR backbone
network and the multi-scale perception module. The feature
extraction part uses a pyramid style to construct a multi-
scale feature layer and outputs image representations with
different resolutions and semantic depths. The scale-aware
multi-head attention mechanism is applied in the encoding
stage to retain the structural consistency between different
scales in the global modeling process. The final boundary
regression module uses the position embedding information
to predict the boundary parameters and combines the IoU-
aware loss function to improve the robustness of boundary
positioning. The overall design maintains the simplicity of
the structure while enhancing the ability to express the scale
characteristics of the target boundary.

B. MULTI-SCALE FEATURE ENCODING AND FUSION
STRATEGY
This paper applies a multi-scale feature encoding mecha-
nism based on FPN to enhance the modeling ability of
the target boundary area. By constructing feature outputs
of different levels in the backbone network, a multi-scale
feature map with differentiated resolution and receptive
field is generated, covering two types of information: local
details and global semantics. Assuming that the set of
multi-scale features extracted from the backbone network
is {F1, F2, . . . , FL}, where the l-th layer feature map Fl ∈
RCl×Hl×Wl , and Cl, Hl, and Wl represent the number of
channels, height, and width, respectively. To achieve cross-
scale semantic alignment, each feature map is mapped to a
unified dimension C through a 1 × 1 convolution, and the
spatial resolution is aligned using bilinear interpolation to
unify the size of all scale feature maps to (C, H, W). The
multi-scale fusion operation adopts a weighted summation
strategy, and the response values of all scale feature maps at
the spatial position (x, y) are weighted and integrated into
the fusion feature F̂ (x, y) through Formula (1):

F̂ (x, y) =

L∑
l=1

αl ·Upsample(Ql ∗ Fl)(x, y) (1)

In Formula (1), αl is the learnable fusion weight corre-
sponding to the l-th layer feature, satisfying the constraint
condition

∑L
l=1 αl = 1; Ql represents the convolution

weight parameter for channel alignment; Upsample(·) is
the upsampling operation. The fusion output feature F̂ ∈
RC×H×W is used in the subsequent Transform encoding
stage as the multi-scale boundary feature input for unified
representation after scale alignment.

The core of multi-scale feature encoding is to extract
the response information of the target boundary at different
resolutions to fully cover the hierarchical differences of
fine-grained details and semantic structures. High-resolution
feature maps help to preserve edge details, while low-
resolution features enhance regional perception and context

aggregation. The two work together to support precise
perception of boundary positions. To verify the response
differences of features of different scales in the boundary
area, the visualization results of shallow, middle, and deep
feature maps based on ResNet are constructed to show the
impact of scale changes on the degree of target contour
preservation and response intensity, as shown in Figure 2.

Figure 2 shows the average response heat map of the input
image and three typical scales, where the input image is
annotated with the target area bounding box, and the feature
maps of the three scales correspond to the average channel
activation distribution of the shallow structure, the middle
structure, and the deep structure, respectively. The shallow
feature map shows a high response area near the boundary
line, reflecting the sensitivity to local texture and contour.
The middle feature map still has the ability to recognize the
boundary contour, but the response range tends to expand.
The deep feature map is concentrated in the target semantic
area; the boundary response is blurred; more semantic-level
focusing behavior is reflected.

To further verify the coverage ability of features of
different scales on boundary information, quantitative in-
dicators are used to statistically analyze the distribution of
their response intensity in the boundary area. The feature
dimension, theoretical receptive field size, and boundary
area response ratio are measured respectively to quantify the
boundary expression ability of different feature maps. The
shallow feature map has a smaller receptive field, so the
response is more concentrated at the edge and the boundary
accounts for a higher proportion, while the response of the
deep feature map is smoother and distributed within the
overall structure of the target. Table 1 gives the comparison
results and is used to support the design basis of the
importance weights of each feature layer in the scale fusion
structure.

TABLE 1. Dimension configuration and boundary response statistics of
feature maps of different scales

Scale Level Feature
Dimension

Receptive Field
Size (pixels)

Boundary
Response Ratio
(%)

Level 1 (shallow) 128 33 × 33 78.2
Level 2 256 65 × 65 65.7
Level 3 256 129 × 129 52.3
Level 4 512 257 × 257 39.4
Level 5 (deep) 512 513 × 513 27.1

The boundary response ratio is obtained by counting
the average activation intensity of the feature map in the
neighborhood of the manually annotated bounding box (set
as a boundary band with a width of 15% of the target
size) and the average activation intensity of the whole image
in the validation set. The receptive field size is calculated
based on the hierarchical structure of the backbone network
and the convolution kernel superposition relationship theory,
reflecting the changing trend of the feature map’s coverage
of the input image.
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FIGURE 1. Multi-scale perception DETR structure

FIGURE 2. Response of feature maps of different scales in the target boundary area

The selection of this width parameter is based on an
analysis of the relationship between boundary positioning
uncertainty and feature response. Table 2 compares the
correlation between the feature map boundary response ratio
and the average intersection-union ratio of manually labeled
boundary pixels under different boundary band widths.

TABLE 2. Basis for selecting different boundary band widths

Boundary Band Width
(% of Target Size)

Boundary Response
Ratio (%)

Correlation Coefficient
with Ground-Truth
Boundary Pixel IoU

5 58.3 0.72
10 69.5 0.85
15 78.2 0.91
20 83.7 0.89
25 86.1 0.85
30 87.9 0.81

As shown in Table 2, when the width is 15%, the
boundary response ratio has the highest correlation (0.91)
with the intersection-union ratio of the true boundary pixels,
indicating that this width best represents the correspondence
between the model feature activations and the true boundary.
Therefore, 15% was chosen as the standard width for
subsequent analysis.

C. SCALE-AWARE TRANSFORMER ENCODING
MECHANISM
Based on the boundary expression ability of multi-scale
fusion features, to improve the encoder’s modeling accuracy
of scale information, a scale-aware multi-head attention
mechanism is applied into the original DETR encoding

structure. The semantic drift discussed in this article refers
to the phenomenon that features originating from differ-
ent resolution levels become semantically misaligned or
inconsistent during the multi-scale feature fusion process.
This mechanism effectively alleviates the semantic drift and
attention ambiguity problems between features of differ-
ent scales by applying an attention path of explicit scale
embedding and scale decoupling while maintaining the
global modeling advantage of the self-attention structure.
The scale-aware module is embedded in each multi-head
attention layer of the Transformer encoder. The adjusted
attention mechanism has consistent response to the scale
context, ensuring multi-scale alignment modeling of the
boundary area.

It is assumed that the fused feature F is expanded
into a two-dimensional sequence {f1, f2, . . . , fN}, where
fi ∈ RC and N = H × W are the sequence lengths.
Each position fi is attached with a scale embedding vector
si ∈ Rds , which encodes the scale attribution information
of the corresponding position in the original pyramid. It
is constructed through the standard sine-cosine encoding
function and is in the form of Formula (2):

s
(k)
i =


sin

(
scalei

100002k/ds

)
, if k is even,

cos

(
scalei

100002k/ds

)
, if k is odd.

(2)

In Formula (2), scalei represents the original scale num-
ber corresponding to position fi; ds is the scale embedding
dimension; k is the dimension index. The scale embedding
and position encoding are superimposed on the input feature,
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so that the spatial and scale position information are consid-
ered simultaneously when calculating the attention weight.

The scale-decoupled multi-head attention mechanism ap-
plies scale-selective projection matrices W (h,l)

Q , W (h,l)
K , and

W
(h,l)
V in each head, where h represents the attention head

number, and l represents the scale number. After the input
features are divided according to the scale source, they are
independently projected to generate Query, Key, and Value.
Then, the attention is calculated within the scale, and the
final output is obtained through inter-scale fusion, as shown
in Formula (3):

Attention(h) =

L∑
l=1

β
(h)
l · Softmax

(
(Q(h,l))(K(h,l))⊤√

dk

)
× V (h,l)

(3)
In Formula (3), Q(h,l) = W

(h,l)
Q fl, K(h,l) = W

(h,l)
K fl,

V (h,l) = W
(h,l)
V fl, and β

(h)
l are the fusion weights of

the l-th scale in the h-th attention head. Normalization
is performed through Softmax to ensure the continuity of
attention output across scales. Finally, the outputs of all
attention heads are concatenated and linearly transformed to
obtain global encoding features with unified scale represen-
tation, which are input into the subsequent position-aware
regression module.

To verify the effect of scale-aware encoding on the im-
provement of boundary extraction ability, Table 3 compares
the attention focus area indicators under the conditions of
scale-free modeling, using only scale embedding, and using
a complete scale-aware mechanism. Among them, the focus
position shift rate measures the degree of attention shift of
the model in the boundary area, and the boundary retention
rate reflects the consistency between the attention focus area
and the real bounding box. Experimental data shows that the
application of scale embedding can significantly reduce the
attention shift, and the focus accuracy is further improved
after the application of the scale decoupling mechanism,
indicating that this mechanism effectively improves the
global modeling accuracy of Transformer in multi-scale
scenarios.

TABLE 3. Comparison of attention focus performance under different
encoding strategies

Encoding
Strategy

Focus Shift Rate
(%)

Boundary
Retention Rate
(%)

Boundary
Response Gain
(dB)

Original DETR
Encoder

18.7 62.3 0

With Scale
Embedding

12.9 71.4 +2.1

Scale-Decoupled
Attention
(without
Embedding)

10.5 75.2 +3.4

Scale Embedding
+
Scale-Decoupled
Attention

7.8 81.7 +5.2

Multi-scale
Embedding +
Gated Attention
Fuse

6.2 85.1 +6.7

D. REFINED BOUNDARY REGRESSION AND LOSS
DESIGN
Based on the global encoding features represented by the
unified scale, a boundary-aware regression module is de-
signed to improve the precision and consistency of target
boundary prediction. This regression module receives the
feature sequence output by the Transformer encoder and
outputs the bounding box parameters of each candidate
target, including the center coordinates, width, and height
information. To fully capture the spatial position information
and boundary structure characteristics, a position embedding
enhancement strategy is applied in the regression process,
and the IoU-aware loss function and the boundary consis-
tency regularization term are combined to construct a joint
optimization target, thereby guiding the model to converge
to the direction of optimal boundary accuracy during the
training phase. It is assumed that the Transformer output is
a sequence representation {z1, z2, . . . , zN}, where zi ∈ Rd

is the encoding vector of the i-th position. Each vector
is mapped to the bounding box parameters (x̂i, ŷi, ŵi, ĥi)
through a two-layer feedforward network, representing the
horizontal and vertical coordinates and width and height of
the center of the predicted box, respectively, and all are
normalized to the range [0, 1]. To enhance the perception
of boundary spatial structure, the position embedding vector
pi and the encoding feature zi are spliced in the channel
dimension, so that the regression function not only relies on
semantic information, but also combines the spatial position
signal, as shown in Formula (4):

[x̂i, ŷi, ŵi, ĥi] = ϕ([zi∥pi]) (4)

In Formula (4), ϕ(·) represents the regression network
structure, and ∥ is the vector splicing operation.

After enhancement, the regression model is more discrim-
inative for the location of the target edge.

This paper applies the IoU-aware loss function as the
main component of the optimization target to improve the
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boundary consistency of the regression result. The tradi-
tional regression loss only minimizes the difference between
the predicted box and the true box in the numerical space,
ignoring the spatial overlap relationship, while the IoU loss
directly optimizes the overlap between the predicted box and
the true box, so that the optimization direction is consistent
with the detection task. Assuming that the predicted box is
B = (x̂, ŷ, ŵ, ĥ), and the true box is B∗ = (x∗, y∗, w∗, h∗),
IoU is defined as the intersection-over-union ratio:

IoU(B,B∗) =
area(B ∩B∗)

area(B ∪B∗)
(5)

The loss function is defined as:

LIoU = 1− IoU(B,B∗) (6)

This loss term reaches its minimum value when the
predicted box and the true box overlap, which directly
measures the boundary positioning accuracy. This paper
constructs a boundary consistency regularization term to
further constrain the stability of boundary shape, which is
defined as the logarithmic square error of the ratio of the
predicted box width and height to the true box width and
height, in order to suppress shape drift and scale anomaly.
When the target presents an elongated structure or occupies
a very small spatial region, enforcing a global width-height
ratio constraint introduces an implicit bias toward moderate
aspect ratios. Under such conditions, the regularization term
may reduce the flexibility of the regression head to follow
extreme geometric configurations, resulting in conservative
boundary fitting along the long axis. This effect is more
pronounced in samples whose aspect ratio deviates persis-
tently from the dataset-level distribution. The loss term is
as follows:

Lshape =

(
log

ŵ

w∗

)2

+

(
log

ĥ

h∗

)2

(7)

The final total loss function is a weighted combination of
multiple losses:

Ltotal = λ1 · LIoU + λ2 · Lshape + λ3 · Lreg (8)

Lreg is the basic coordinate regression loss, and λ1,
λ2, and λ3 are loss weight coefficients, which control the
influence ratio of each item. This joint optimization strategy
constrains boundary regression in terms of spatial overlap,
structural consistency, and coordinate accuracy, guiding the
model to form a stable and reliable boundary extraction ca-
pability during training. After repeated experimental tuning,
this loss combination significantly reduces the prediction
error fluctuation while maintaining the bounding box con-
vergence speed, and improves the continuity and integrity
of the bounding box in the final detection result.

IV. EXPERIMENTAL SETUP AND IMPLEMENTATION
PROCESS
A. DATASET AND PREPROCESSING STRATEGY
To ensure that the multi-scale perception DETR structure
has stable boundary extraction capabilities under different
data environments, this paper designs a systematic data
preprocessing strategy and quantifies the impact of each
combination on the model training process through multiple
sets of experiments. The main datasets used in the exper-
iment are Cityscapes and BDD100K. Cityscapes contains
5,000 high-resolution street scene images, which are widely
used in semantic segmentation and boundary detection tasks
and have clear edge annotation specifications; BDD100K
contains 100,000 driving video frame images of multiple
time periods and scenes, with rich target scale changes
and complex background information, which is suitable for
evaluating the boundary perception ability of the model in
real traffic scenes. The Cityscapes dataset is divided into
training set (2,975 images), validation set (500 images), and
test set (1,525 images) according to the official classification
standard, and the BDD100K dataset is divided into training
set (70,000 images), validation set (10,000 images), and
test set (20,000 images). The comparison summary under
different preprocessing methods is shown in Table 4.

TABLE 4. The effect of different preprocessing combinations on model
training stability

Preprocessing
Combination
ID

Image Scaling
Strategy

Bounding Box
Normalization

Normalization
Method

Initial Loss
Fluctuation
Rate (%)

Convergence
Epochs

P1 Fixed-size
scaling
(800×800)

Relative
coordinate
normalization

Mean-Std
normalization

14.7 52

P2 Multi-scale
random
scaling
(640-1024)

Absolute
coordinate
normalization

Mean-Std
normalization

11.3 46

P3 Multi-scale
random
scaling
(640-1024)

Relative
coordinate
normalization

Mean-Std
normalization

9.5 44

P4 Fixed-size
scaling
(800×800)

Absolute
coordinate
normalization

Division by
255

17.2 58

P5 Multi-scale
random
scaling
(640-1024)

Relative
coordinate
normalization

Division by
255

13.8 50

B. MODEL CONFIGURATION AND TRAINING DETAILS
To ensure the training efficiency and deployment perfor-
mance of the multi-scale perception DETR model, this
paper conducts systematic experiments on different training
configurations, focusing on the impact of factors such as
optimizer, learning rate strategy, and batch size on resource
consumption and inference efficiency. The performance dif-
ferences of different configurations in the hardware envi-
ronment are directly related to the actual application effect
of the model. Table 5 shows the detailed performance
indicators under multiple sets of training configurations.
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TABLE 5. Multi-scale perception DETR training configuration and
performance comparison

Configuration
ID

Optimizer
Type

Learning Rate
Schedule

Batch Size Training
Epochs

Memory
Usage (GB)

Config-A AdamW Cosine
Annealing
Decay

16 150 11.3

Config-B AdamW Linear Decay 16 150 11.1
Config-C SGD

(Stochastic
Gradient
Descent)

Cosine
Annealing
Decay

16 150 10.8

Config-D AdamW Cosine
Annealing
Decay

32 150 17.9

Config-E AdamW Cosine
Annealing
Decay

16 200 11.4

Table 5 compares the model’s memory usage, single-
round training time, and forward inference latency under
different optimizer types, learning rate strategies, and batch
size combinations. The table shows slight fluctuations in
memory usage among different configurations with the same
batch size; for example, Config-A differs from Config-
B by 0.2 GB. This difference stems from instantaneous
fluctuations in GPU memory dynamic management and
measurement during training, and its magnitude is within
the measurement error range. In multiple repeated measure-
ments under a fixed hardware environment, the standard
deviation of memory usage for all configurations was less
than 0.15 GB. The data shows that the use of the AdamW
optimizer combined with the cosine annealing decay strat-
egy and a medium batch size can help balance training
speed and inference efficiency while controlling memory
usage. Increasing the batch size causes a simultaneous
increase in memory consumption, and the configuration
scheme needs to be weighed in combination with actual
hardware conditions. The resource demand change trend
under different training rounds also provides a parameter
basis for the stable training and efficient deployment of the
model.

V. RESULTS
A. IMPACT OF MULTI-SCALE PERCEPTION
STRUCTURE ON BOUNDARY EXTRACTION ACCURACY
To deeply analyze the actual impact of the multi-scale
perception mechanism on the accuracy of target boundary
extraction, this paper designs a set of structural ablation
experiments, constructs five comparison methods around the
bounding box positioning performance, and evaluates them
through quantitative and statistical methods. The baseline
method is the original DETR, followed by DETR+FPN
with FPN, DETR+FPN+SA with scale-aware attention (SA),
DETR+Full with full encoding structure but without refined
regression module, and finally the complete method pro-
posed in this paper, which adds boundary-aware regression
head and IoU-aware loss function to the first three. The
relevant results are shown in Figure 3.

As can be seen from Figure 3 (a), the average boundary
IoU of the original DETR is 79.6%. Due to its lack of adapt-
ability to different target scales, many bounding boxes have

insufficient coverage. After applying FPN, the IoU increases
to 82.1%, which is attributed to the enhanced response
of multi-scale features to small-scale boundaries. Further
adding the scale-aware attention mechanism enables the
model to distinguish the semantic and structural differences
of each scale during modeling, and the IoU is increased to
83.9%. On this basis, the complete multi-scale perception
structure is integrated, and the IoU reaches 85.3%, indicat-
ing that scale consistency modeling can effectively improve
the fitting ability of the bounding box for complex targets.
After further applying the boundary-aware regression head
and IoU loss optimization, the proposed method achieves an
average IoU of 86%, which is better than all the compared
structures, reflecting the optimization effect at the level of
boundary positioning details. The vertical axis in Figure 3(b)
represents the cumulative probability of boundary position-
ing error, which is used to reflect the proportion of predicted
bounding boxes with errors less than a certain pixel value
in all samples. The larger the value, the more concentrated
the boundary positioning and the higher the accuracy. The
CDF curve shows that the proposed method has the highest
cumulative probability in the low error section, and the curve
is close to the upper left corner as a whole, indicating that its
boundary positioning error distribution is more concentrated
and stable.

To clarify the respective contributions of the multi-scale
sensing structure and the IoU sensing loss function, a de-
tailed decoupling experiment was designed, and the results
are shown in Table 6.

TABLE 6. Analysis of the contribution of different components to the
boundary IoU

Experimental
Configuration

Mean IoU Relative Improvement
over Baseline

Original DETR
(Baseline)

0.81 –

IoU-Aware Loss Only 0.83 +0.02
Multi-Scale Aware
Architecture Only (FPN
+ SA)

0.845 +0.035

Full Method (Multi-Scale
Architecture + IoU Loss)

0.86 +0.05

Table 6 shows that applying the IoU sensing loss alone
improves IoU by 0.02, while applying the multi-scale sens-
ing structure alone improves it by 0.035. The combined
effect of both results in an improvement of 0.05, slightly
higher than the simple summation, indicating a synergistic
effect between structural improvement and loss optimiza-
tion. The multi-scale structure contributes the majority of
the performance gain.

B. IMPACT OF DIFFERENT SCALE INPUTS ON MODEL
BOUNDARY EXTRACTION PERFORMANCE
To deeply analyze the impact of different input scales
on target boundary prediction performance, this section of
the experiment constructs three input forms based on the
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FIGURE 3. The impact of multi-scale structure on bounding box extraction accuracy: (a) Bounding box IoU comparison under different
structures; (b) CDF distribution of boundary positioning error of each method

original image: the original image with the original reso-
lution, the image downsampled to half the resolution using
average pooling, and the enhanced version of the image after
horizontal flipping and contrast enhancement. The model
performs boundary regression prediction under these three
types of inputs and presents the spatial distribution of the
predicted target in the form of a red bounding box in the
output results. All input forms keep the target semantics
unchanged, aiming to eliminate the interference of content
differences and analyze the stability and difference of the
model’s boundary perception ability from the perspective of
input scale and distribution perturbation. The images cover a
variety of scenes and target forms, which helps to reveal the
universal impact of different scale inputs on the boundary
extraction effect, thereby obtaining the experimental results
shown in Figure 4.

As can be seen from the results in Figure 4, the predicted
boundary under the original image input shows a good fit
on the actual contour of the target; the boundary position
is relatively close to the edge of the target; the boundary
box under the downsampled image generally has edge blur
and position offset. The fundamental reason is that the
low-resolution input weakens the expression ability of key
boundary features, resulting in the lack of sufficient fine-
grained structural information support in the feature mod-
eling process of the encoder, thereby affecting the spatial
positioning accuracy of the boundary regression module.
Under image enhancement input, some target boundary
prediction results are closer to the semantic center area in
spatial position, which is manifested as boundary reduction
or regional offset.

This is because the disturbance of the image contrast
and edge gradient distribution caused by the enhancement
operation affects the spatial focusing behavior of the model’s
attention mechanism, causing a slight shift in scale sensi-
tivity at the perceptual level. This shows that the model is
more sensitive to the resolution and structural disturbance
of the input image when extracting the boundary, and the
input scale design has a significant impact on the boundary
regression performance.

C. EFFECT OF SCALE-AWARE MECHANISM IN
ENCODING MODULE
To analyze the effect of scale-aware attention mechanism on
spatial focusing characteristics, this experiment selects three
images containing typical vehicle targets as input. Under the
premise of keeping the backbone structure consistent, the
attention distribution of the model under the application of
scale-aware mechanism is shown respectively. The original
version uses the standard multi-head attention mechanism,
while the improved version incorporates the scale embed-
ding vector and scale decoupling weight learning strategy
in the encoding stage to construct a global attention map
with consistent scale. In the visualization, the attention heat
map is superimposed on the original image to show the
significant difference in the focus area, and the rightmost
column shows the response distribution of the improved
model to the overall target area, as shown in Figure 5.

It can be observed in Figure 5 that when the scale
mechanism is not applied, the model’s attention is focused
on the rear of the vehicle or the local high-texture area,
showing a strong position bias. The root cause of this bias
phenomenon is that the standard attention lacks the ability
to model multi-scale contextual structures, resulting in its
reliance on local saliency rather than the overall geometric
form of the target in feature selection. After the scale-aware
mechanism is applied, the attention hotspot tends to cover
the entire target contour, showing a smoother and more
coherent focus pattern. This change is attributed to the scale
information participating in the attention weight generation
process, which enables the model to maintain cross-level
feature alignment in the spatial dimension, thereby achiev-
ing a unified response to the overall target area. Finally,
the scale-aware mechanism effectively promotes the global
modeling ability of target structure perception by improving
the consistency of attention expression.

D. OPTIMIZATION OF BOUNDARY POSITIONING
QUALITY BY REGRESSION HEAD AND LOSS FUNCTION
DESIGN
To evaluate the comprehensive impact of the proposed
boundary-aware regression structure and IoU-aware loss
on the target boundary positioning performance, this paper
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FIGURE 4. Target boundary prediction effect under different scale inputs

FIGURE 5. Comparison of attention distribution under scale-aware mechanism

constructs four groups of different regression configuration
experiments under the unified dataset and model backbone

architecture: the basic L1+GIoU loss is used as the control
group, and on this basis, the position embedding mechanism
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PosEmbed (Positional Embedding), IoU-aware loss function
IoU-Loss, and boundary consistency regularization term
Reg (Regularization) are applied in turn to observe the
contribution of each strategy to the bounding box accuracy
and positioning quality. During the experiment, the number
of training rounds, data augmentation strategy, and optimizer
parameters are kept consistent to control variables and re-
move interference from other factors. Finally, the bounding
box AP value and average IoU performance under different
strategies are statistically analyzed. The results are shown
in Figure 6.

The data in Figure 6 shows that after the application
of position embedding, AP@50 increases from 42.3% to
45.0%; AP@75 increases from 31.0% to 34.5%; the average
IoU increases from 0.78 to 0.81. This change is due to the
fact that position encoding strengthens the spatial semantic
alignment ability in boundary regression, making it easier
for the model to learn the actual spatial distribution of the
target box. After further adding IoU-aware loss, AP@50
increases to 47.6%; AP@75 reaches 36.2%; IoU increases
to 0.85.

This result benefits from the high sensitivity of the loss
function to the boundary overlap area, thereby guiding the
model to optimize the positioning accuracy rather than
simple coordinate regression during gradient return. Finally,
after the application of the boundary consistency regular-
ization term, AP@50 increases slightly to 48.1%, and IoU
stabilizes to 0.86. To examine the behavior of the shape reg-
ularization under extreme geometric conditions, the valida-
tion set is partitioned according to ground-truth aspect ratio.
For instances with an aspect ratio larger than 5 or smaller
than 0.2, the regression performance shows a reduced
gain from the regularization term compared with medium-
ratio targets, indicating that the constraint mainly benefits
shape-stable instances while limiting boundary adaptation
in highly elongated cases. This improvement is attributed to
the fact that the regularization term suppresses the tendency
of the predicted box to deviate from the actual boundary
shape, improving the rationality of the overall structure of
the boundary box. This series of experiments verifies the
synergistic gain effect of regression structure improvement
and loss design in improving boundary accuracy.

To examine the different effects of boundary shape con-
straints on targets with different geometric shapes, the val-
idation set samples were re-divided according to the aspect
ratio distribution of the real bounding boxes, classifying
the targets into three categories: medium proportion, very
small proportion, and high proportion. While maintaining
consistency in training configuration and evaluation process,
the detection results with and without the inclusion of
boundary consistency constraints were compared. The focus
was on recording boundary overlap behavior within different
aspect ratio ranges, thus characterizing the adaptive behavior
of this constraint under extreme geometric conditions. The
relevant results are shown in Table 7.

TABLE 7. Effect of boundary shape regularization under different aspect ratio
ranges

Aspect Ratio Range IoU without Reg IoU with Reg

0.2 – 5.0 0.84 0.86
< 0.2 0.81 0.80
> 5.0 0.82 0.81

As shown in Table 7, when the aspect ratio is between
0.2 and 5.0, the IoU increases from 0.84 to 0.86 after intro-
ducing the shape constraint, indicating that this constraint
strengthens boundary consistency for geometrically stable
targets. When the aspect ratio is less than 0.2, the IoU
decreases from 0.81 to 0.80, while when the aspect ratio
is greater than 5.0, the IoU decreases from 0.82 to 0.81.
This change indicates that the global scaling constraint sup-
presses the boundary degrees of freedom in extreme cases.
This is because the logarithmic scaling penalty introduces a
shape bias at the data distribution level, limiting the model’s
ability to unfold boundaries along the major axis. Overall,
the results show that this constraint is more suitable for
structurally stable targets, and should be used with caution
for targets that are tall and slender or have limited scale.

E. COMPARISON OF BOUNDARY EXTRACTION WITH
EXISTING MAINSTREAM METHODS
To comprehensively evaluate the performance of the pro-
posed multi-scale perception structure in the target boundary
extraction task, this paper constructs a unified evaluation
framework and compares the numerical indicators of 7
representative target detection methods in terms of boundary
accuracy. Faster R-CNN (Faster Region-based Convolu-
tional Neural Network), as a representative of the two-stage
detection method, has a strong region proposal capability,
but there is a boundary regression offset in dense target
scenes. YOLOv5 (You Only Look Once version 5) relies
on a unified regression structure for end-to-end detection
and has high detection efficiency, but its spatial resolution
utilization is relatively coarse.

RetinaNet combines FPN structure and Focal Loss to
suppress foreground-background imbalance and has certain
advantages in multi-scale target detection, but the boundary
fitting accuracy is limited by its regression head struc-
ture. The original DETR adopts an encoder-decoder end-
to-end Transformer architecture, which effectively avoids
redundant candidate boxes, but is limited by fixed-scale
feature processing and has limited ability to depict bound-
ary details. The Deformable-DETR applies a deformable
attention mechanism into the DETR framework and uses
dynamic sampling to enhance the adaptability of the bound-
ary feature response area, showing better boundary fault
tolerance in occlusion and scale transformation scenarios.
Elastic-DETR further combines the elastic feature fusion
strategy to improve the scale drift problem in the boundary
prediction process through scale invariance constraints, and
improves the fitting accuracy of the bounding box to the real
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FIGURE 6. Impact of boundary regression configuration on detection accuracy

contour. Based on DETR, this paper applies a multi-scale
perception mechanism and synergistically improves the
boundary representation capability through pyramid feature
enhancement and scale consistency modeling. In addition, to
compare with more advanced detectors, DINO-DETR and
H-DETR, based on the DETR framework, were introduced
as recent representative models. In the experiment, the AP
and bounding box IoU performance of each method on the
standard validation set are recorded, as shown in Figure 7.

The results in Figure 7 show that the proposed method
has significant advantages in boundary extraction, with an
AP of 48.1% and a bounding box IoU of 0.86, which
are improved compared to the original DETR’s 44.9% and
0.81. In contrast, YOLOv5 has an AP of 43.8% and an
IoU of 0.791. Although it performs better than Faster R-
CNN and RetinaNet, it still has the problem of inaccurate
boundary alignment. The reason is that the YOLO series
model’s compression strategy for feature resolution limits
the modeling ability of small-scale boundaries. Faster R-
CNN has an IoU of 0.765. Due to the positioning bias of
using RoI Pooling, its robustness to boundary prediction
is poor. Although the original DETR has good global
modeling capabilities, it lacks the ability to distinguish and
express boundary features of different scales, resulting in
limited improvement in boundary overlap. The Deformable-
DETR enhances multi-scale feature perception by applying
a deformable sampling mechanism, which increases the AP
to 46.2% and the IoU to 0.834; the Elastic-DETR further
improves the boundary adaptation capability by using an
elastic alignment strategy, with an AP of 47.3% and an IoU
of 0.846; DINO-DETR achieved an AP of 47.8% and an
IoU of 0.849; H-DETR achieved an AP of 47.5% and an
IoU of 0.844. The proposed method enhances the boundary
semantic consistency by applying multi-scale feature fusion
and scale-aware attention, effectively improving the accu-
racy and stability of bounding box regression.

F. RELATIONSHIP BETWEEN BOUNDARY ERROR AND
SCALE
To further explore the impact of target scale change on
the distribution of boundary prediction error, this paper
constructs a scale sensitivity analysis experiment based on
the overlap error between the true bounding box area and the
predicted result of targets of different sizes in the validation
set. By extracting the actual size of each target instance and
calculating the IoU difference between the corresponding
predicted bounding box and the true bounding box, the orig-
inal DETR method and the multi-scale perception structure
proposed in this paper are respectively annotated for error.
Further, the scatter plot method shown in Figure 8 is used
to map the target scale and prediction error in a bivariate
manner, and the overall trend is modeled based on the local
weighted regression curve to obtain the error distribution
changes of the two methods in each scale segment.

Figure 8 shows that the original DETR method has a
significantly higher distribution of boundary errors. The rea-
son is that the fixed-scale feature extraction structure lacks
sufficient local detail perception when processing small-size
areas, resulting in sparse distribution of feature responses
in the boundary area, which in turn affects the encoder’s
modeling effect on the boundary geometry contour. As
the target size increases, the error of the DETR model
decreases slightly, but due to the lack of clear modeling
of feature scale attribution, there is semantic drift in the
cross-scale fusion process, showing insufficient stability of
boundary prediction. In contrast, the error of the proposed
method in small target areas is lower, which is due to the
scale embedding mechanism applied in the encoding stage,
strengthening the consistency of boundary responses of
features with different resolutions, and allowing the model
to retain scale structure information in the global modeling
process and reduce the structural uncertainty of the error
source.
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FIGURE 7. Comparison of boundary extraction accuracy of target detection methods

FIGURE 8. Relationship between target scale and boundary prediction error

G. ROBUSTNESS ANALYSIS
To evaluate the adaptability of the proposed scale-aware
mechanism to different data preprocessing conditions, the
complete model was tested based on the five preprocessing
combinations (P1-P5) defined in Section Dataset and Pre-
processing Strategy, and its boundary extraction accuracy on
the validation set was statistically analyzed. The results are
shown in Table 8.

TABLE 8. Boundary extraction performance of the model under different
preprocessing conditions

Preprocessing
Combination

Average IoU AP@50 (%)

P1 (Fixed-size) 0.85 47.3
P2 (Multi-scale, Abs) 0.86 47.9
P3 (Multi-scale, Rel) 0.86 48.1
P4 (Fixed-size, Div255) 0.84 46.8
P5 (Multi-scale, Div255) 0.85 47.5

Analyzing the data in Table 8, the P3 combination
achieved an IoU of 0.86 and an AP@50 of 48.1%, making it
the optimal result. This demonstrates that the preprocessing
strategy combining multi-scale random input and relative
coordinate normalization is most beneficial for the model
to realize its boundary extraction potential. This is because
multi-scale training enhances the model’s generalization
ability to changes in target scale, while relative coordinate
normalization provides a stable basis for position regression.
The IoUs of the P1 and P4 combinations are 0.85 and 0.84,
respectively, indicating that using only fixed-size input limits
the model’s adaptability to scale information, and different
normalization methods have a slight impact on performance.
The IoU of the P5 combination is 0.85, with performance
between P3 and P1, indicating that after changing the
normalization method, the gain from multi-scale training
is offset, but the model still maintains better performance
than a single fixed scale. These results demonstrate that
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the integrated scale-aware encoding mechanism is robust
to changes in data distribution introduced by different pre-
processing strategies, ensuring the stability of the method’s
performance.

VI. CONCLUSION
This paper proposes an improved DETR structure that
integrates a multi-scale perception mechanism, aiming to
improve the accuracy of target boundary extraction in image
data. The method utilizes a multi-scale encoding module
based on an FPN to extract boundary and semantic features
across resolutions.

It constructs a scale-aware multi-head attention mech-
anism in the Transformer encoder to enhance scale con-
sistency during global modeling. In the decoder, a bound-
ary regression head with position embedding is designed,
optimized by an IoU-aware loss function and a boundary
consistency regularization term to improve regression accu-
racy. Experiments show the proposed method achieved an
average IoU of 0.86 and an AP value of 48.1%, representing
improvements over the original DETR, and also surpassed
contemporary DETR variants including Deformable-DETR,
Elastic-DETR, DINO-DETR, and H-DETR in boundary
extraction accuracy.

Ablation studies confirmed that the multi-scale structure,
scale embedding, and joint loss optimization significantly
contributed to boundary information modeling, ultimately
enhancing the expression and recognition of target boundary
structures while maintaining DETR’s end-to-end advan-
tages. It is particularly suitable for complex image detection
scenarios with blurred boundaries, dense distribution of
small targets, or drastic scale changes, showing important
application potential in high-precision visual tasks.
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