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ABSTRACT Accurate boundary recognition under high-noise, complex-texture, and reflective conditions
remains a fundamental challenge for intelligent visual perception systems and is equally important for
electromagnetic imaging and radar-based target analysis that require reliable feature localization. This
study presents a boundary-aware segmentation framework by integrating a gradient-guided Adapter
mechanism into the Segment Anything Model (SAM). Pixel-level boundary response maps generated
by the Laplacian of Gaussian operator are combined with gradient magnitude and directional sensitivity
weights to guide adaptive feature calibration, while boundary-aware cross-entropy loss and Hausdorff
distance constraints jointly optimize parameter learning and geometric consistency. The proposed
strategy enhances multi-scale boundary representation without sacrificing the lightweight characteristics
of Adapter-based fine-tuning. Experimental results demonstrate that the method achieves a Boundary
Intersection over Union (BIoU) of 0.923 under 20% noise interference and maintains a contour F1 score
of 0.951 under 20% reflectivity, significantly outperforming existing comparison methods in boundary
continuity and localization accuracy. The framework provides an effective solution for high-precision
image segmentation and offers potential value for electromagnetic imaging, microwave sensing, and
intelligent perception systems requiring robust boundary extraction under complex interference conditions.

INDEX TERMS image segmentation, boundary-aware adapter, segment anything model, electromagnetic

imaging, boundary recognition

I. INTRODUCTION
RODUCT packaging, serving as the core carrier of
Pcommodity information, plays a crucial role in e-
commerce platforms and automated quality inspection sys-
tems [1,2]. The accuracy of visual element boundary recog-
nition on product packaging directly determines the reliabil-
ity of packaging design optimization and anti-counterfeiting
analysis [3,4]. The application demand of image segmen-
tation technology in the field of industrial vision contin-
ues to grow, but research on dedicated methods for high-
complexity scenarios of product packaging is still insuffi-
cient, and it is urgent to break through the bottleneck of
boundary ambiguity to support the actual deployment of
intelligent packaging inspection systems [5-7].
Product packaging images commonly suffer from high
noise interference, overlapping printing textures, and ma-
terial reflectivity [8,9]. These characteristics cause existing
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segmentation models to produce blurred edges and discon-
tinuous contours when locating boundaries [10,11]. Visual
elements such as text labels and barcodes often exhibit
positioning deviations in sub-pixel segmentation due to
low contrast and local occlusion [12,13]; while changes in
ambient lighting further exacerbate the boundary continu-
ity problem, affecting the accuracy of automated analysis
[14,15].

Full model fine-tuning of SAM requires a large amount
of labeled data and has a high computational cost in the
packaging scenario [16]. Although the lightweight Adapter
method reduces the amount of parameter updates, its weight
allocation mechanism treats boundary and non-boundary re-
gions equally and cannot specifically strengthen the expres-
sion of boundary features, resulting in insufficient boundary
sensitivity [17]. Improved schemes based on attention mech-
anisms are prone to over-segmentation in complex texture
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regions and cannot effectively suppress false detections
caused by reflective interference [18-20]. Existing methods
all face the core challenge of maintaining boundary conti-
nuity and positioning accuracy under high noise conditions.
To address the shortcomings of the general SAM model
in adapting to the high noise and reflective characteristics
of visual elements on product packaging, this paper innova-
tively integrates boundary prior knowledge and the Adapter
mechanism to propose a gradient-guided adaptive boundary
segmentation framework. After extracting multi-scale fea-
ture maps from the output layer of the SAM’s ViT (Visual
Transformer) encoder, the LoG (Laplacian of Gaussian)
operator is applied to generate pixel-level boundary response
maps. Gradient magnitude and orientation sensitivity weight
matrices are dynamically calculated using a differentiable
function, and these weights are embedded into the Adapter
linear transformation layer to achieve feature calibration.
Finally, the parameter update and optimization fine-tuning
process is achieved by combining the boundary-aware cross-
entropy loss function and HD constraints. This method
retains the model’s generality while accurately enhancing
the feature representation capability of the boundary re-
gions of packaging visual elements. This research achieves
the organic integration of boundary prior knowledge and
deep learning models, significantly improving the sub-pixel-
level boundary recognition accuracy of packaging visual
elements, a methodology highly relevant for the textile
industry in achieving precise pattern segmentation and flaw
localization in fabrics at a comparable resolution.

Il. BOUNDARY-AWARE ADAPTER MECHANISM

A. BOUNDARY RESPONSE MAP GENERATION AND
GRADIENT WEIGHT EMBEDDING MECHANISM

Figure 1 illustrates the boundary response map generation
and gradient weight calculation process. The multi-scale
feature map output by the SAM encoder is processed by
the LoG operator to generate the boundary response map.
This response map is then input into the gradient magni-
tude weight calculation and orientation sensitivity weight
calculation modules, respectively. The two types of weights
are fused to form a gradient sensitivity weight matrix.
This matrix participates in the generation of the boundary
adaptive transformation matrix and is finally embedded in
the Adapter linear transformation layer to complete feature
calibration.

After extracting multi-scale feature maps from the output
layer of the ViT encoder, the LoG operator is applied
[21]. Through depthwise convolution with channel-wise
processing followed by weighted aggregation of boundary
responses. The same 2D LoG kernel is independently ap-
plied to each channel to generate channel-specific bound-
ary response maps, which are aggregated using learnable
weights. This implementation preserves spatial boundary
information while leveraging multi-scale semantic features
from the ViT encoder containing richer spatial details at
multiple resolutions critical for accurate boundary detection
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under high noise conditions. The feature tensor output by the
SAM encoder is represented as F' € RHXWXC  where H,
W, and C correspond to the height, width, and number of
channels of the feature map, respectively [22]. The boundary
response map B € R¥*W s obtained through convolution
operation, and its mathematical expression is:

B(z,y) = V2Gy(z,y) * F(z,y) (1

V? represents the LoG operator; G, (z,y) is a Gaussian
kernel function with standard deviation o; * represents the
convolution operation; x and y are the pixel coordinates.
The boundary response map is normalized to obtain the
boundary weight map W, = (B — min(B))/(max(B) —
min(B)), where B is the boundary response map and
Wy, € [0,1]#*W . The gradient magnitude weight W,,
and direction sensitivity weight W, are calculated using a
differentiable boundary response function as input to the
boundary weight map. The gradient magnitude weight is
calculated based on the local gradient magnitude of the
boundary response map.

1
1+ e_>" V (%)2+(%§ )2

A is a hyperparameter controlling gradient sensitivity,
and 0B/0x and 0B/0y represent the partial derivatives
of the boundary response map in the horizontal and ver-
tical directions, respectively. Gradient direction sensitivity
weights are obtained by calculating the cosine similarity of
the gradient directions of adjacent pixels. The two types of
weights are fused to form the gradient sensitivity weight
matrix W, = W,, © W4, where © represents element-
wise multiplication. The gradient sensitivity weight matrix
participates in the parameter update process of the Adapter
linear transformation layer. The Adapter layer parameters
are represented as A € RE*C. The weight matrix is
fused with the Adapter parameters through a linear mapping
along the channel dimension to form a boundary adaptive
transformation matrix A" = A® (W, x I¢). I¢ is a C-order
identity matrix, and X represents scalar multiplication of
the matrix. This boundary adaptive transformation matrix is
used in the subsequent feature calibration process.

Wi (2,y) = @)

B. FEATURE CALIBRATION AND ADAPTER
OPTIMIZATION BASED ON BOUNDARY WEIGHTS

The boundary weight map W, and the feature tensor
F' are multiplied element-wise to generate a boundary-
enhanced feature representation F, = F' ® W}, [23-25]. The
boundary weight map serves distinct functional purposes
across different processing stages: in feature calibration, it
modulates spatial feature responses to enhance boundary
contrast; in adapter parameter transformation, it guides
selective parameter updates through gradient sensitivity;
in loss formulation, it establishes differential optimization
priorities for boundary regions. These applications operate
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FIGURE 1. Boundary response diagram generation and gradient weight calculation process

at different levels of model processing - spatial feature repre-
sentation, parameter update mechanics, and optimization ob-
jective definition - with complementary effects that address
the multi-faceted challenge of boundary recognition under
noise interference. This operation strengthens the feature
response of the boundary region in the spatial dimension and
suppresses noise interference in the non-boundary region.
The boundary-enhanced feature representation Fj is used
as input to the feature calibration module and enters the
processing flow consisting of convolutional layers and layer
normalization layers [26,27].

A standard convolutional structure with 3x3 kernels is
used. A normalization layer follows the convolution opera-
tion to standardize the feature channels, and its mathematical
expression is:

LN(zj) =7+ — ot + 8 3)
Vo te
x; represents the i-th element of the eigenvector; u is
the mean of the eigenvector; o2 is the variance; ¢ is a
small constant to avoid division by zero error; v and [
are learnable scaling and offset parameters. The bound-
ary adaptive transformation matrix A’ participates in the
model parameter update process, implementing a gradient-
sensitive parameter selection mechanism. This mechanism
strictly limits the number of updatable parameters, updating
gradients only for Adapter layer parameters related to key
boundary features, significantly reducing the number of
training parameters. Through gradient sensitivity threshold
control, the model maintains the main parameters of the
original SAM in a frozen state, effectively reducing training
computational overhead and storage requirements, achieving
efficient parameter fine-tuning. The selection criteria are
defined as ||Wy|lp > 7, where || - ||p represents the
Frobenius norm, and 7 is a preset threshold parameter. The
set of parameters satisfying the selection criteria is updated
via gradient propagation, while the remaining parameters
remain frozen. The parameter update expression is:

AA=n-VaL 4

n is the learning rate, and V 4L is the gradient of the
loss function £ with respect to the adapter parameter A.
The gradient sensitivity weight matrix W, achieves sparse
optimization of the model by controlling the parameter
update range, which enhances the ability to recognize the
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boundaries of packaging visual elements while maintain-
ing the model’s general expressive power. The boundary
adaptive transformation matrix and the feature calibration
module work together to complete the boundary-sensitive
feature enhancement process of multi-scale feature maps
[28,29].

C. DESIGN OF JOINT LOSS FUNCTION CONSTRAINTS
The boundary-aware cross-entropy loss function applies a
boundary weight map to differentiate boundary regions
based on the standard cross-entropy loss function. This
weight map is generated by the LoG operator [30-32], giving
higher attention to boundary regions. The boundary-aware
cross-entropy loss function imposes a stronger penalty on
pixel classification errors in boundary regions, ensuring that
the optimization direction of the model in boundary regions
remains consistent with the overall segmentation objective.
The loss function is defined as follows:

N
1 i . .
Loce = =7 2 Wy [yilog(@:) + (1 = yi) log(1 — )

i=1
&)

N represents the total number of pixels in the image; y;
represents the true label value of the i-th pixel; ¢j; represents
the probability value predicted by the model; Wb(z repre-
sents the weight value of W}, generated in section “Boundary
Response Map Generation and Gradient Weight Embedding
Mechanism” at the corresponding position, ranging from
[0, 1], with the weight value of the boundary region being
higher than that of the non-boundary region.

HD constraints are used to measure the geometric dis-
tance between the predicted boundary and the true boundary
[33,34], forcing the boundary contour generated by the
model to closely fit the true boundary in spatial location.
HD constraints quantify boundary continuity by calculating
the maximum and minimum distance between two sets of
points, and this metric is sensitive to boundary discontinuity
and edge blurring. HD constraints are defined as follows:

Lpqg =max | s inf -, s inf —-b 6
hd =M X(aeua%blegplla | be%r;aggal\a |> (©)

OG represents the true boundary point set; 0P represents
the predicted boundary point set; ||a — b|| represents the
Euclidean distance; sup and inf represent the supremum
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and infimum operations, respectively. This constraint en-
sures that the model focuses not only on pixel-level clas-
sification accuracy during optimization but also on main-
taining the geometric integrity of the boundary structure.
Joint loss function combines boundary-aware cross-entropy
loss and HD constraint to optimize boundary recognition
[35]. Cross-entropy loss guides pixel classification while
HD constraint preserves geometric accuracy. During back-
propagation, these losses provide complementary gradients
that the boundary adaptive transformation matrix directs
to enhance boundary features specifically. This ensures the
model prioritizes boundary details during optimization while
maintaining segmentation performance.

lll. EXPERIMENTAL SETUP AND RESULTS

A. DATASET AND EVALUATION PROTOCOL

In the development of the dataset, the primary focus is given
to the diversity and complexity of visual elements in product
packaging. The image acquisition process follows standard-
ized methods in order to allow for sample representativeness
and include a variety of visual elements across different
packaging products. The matter of real-world challenges like
the possibility of noise interference, overlapping textures,
and glare are also given consideration through respected
variables during the image acquisition process. The dataset
contains 40% high-noise samples, 30% reflective samples,
and 30% complex texture samples. To guarantee it is in
line with actual packaging inspection situations, industrial
vision experts conduct triple verification for every sample.
The images adhere to the industry standard of image quality
and resolution, so they clearly capture the details of the
packaging designs.

The image dataset is then split into a training, validation,
and test set to ensure all sets have wrapper images with
different categories, and that amount of imagines in each
category is balanced to ensure that data leakage does not
impact the testing phase. The test set is used solely for
evaluating the model and is independent from the training
and validation sets.

The evaluation scheme utilizes BloU and contour F1
score regarding the measures of evaluation. The BloU
evaluates how much overlap exists between the predicted
boundary and ground truth boundary, whereas the F1 score
provides a measure for the model’s continuity and accuracy
of the contoured boundary under high noise and complex
conditions. Any ontological metrics used for evaluation
guarantees the model can handle complex scenes in pack-
aged images accurately.

Table 1 shows that the image resolution for each dataset
is 1024x1024 with BloU and contour Fl-score as the
major evaluation metrics. Dataset splitting ensures balanced
representation and integrity of each category to support
model training and evaluation.

Hyperparameter A\ controlling gradient sensitivity was
set to 0.8 determined through systematic grid search over
the range [0.5, 1.2] with 0.1 increments on the validation
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set where the value yielding the highest BloU score was
selected demonstrating optimal balance between boundary
continuity preservation and noise suppression across diverse
packaging scenarios with varying noise levels and reflective
properties.

B. BOUNDARY POSITIONING ACCURACY
VERIFICATION

In order to address the challenges encountered in recog-
nizing visual element boundaries within product packaging
contexts that include overlapping printed textures, high lev-
els of noise across the entire image, and the reflection char-
acteristics of the material, this research makes a comprehen-
sive comparison of the accuracy of multiple segmentation
methods for boundary localization. The evaluation imple-
ments BloU as the primary accuracy metric, as it provides
a useful assessment of the extent of overlap between the
predicted boundary and its associated true boundary labels,
in particular for product packaging applications that may
have sub-pixel level boundaries. This comparison specifi-
cally evaluates original SAM, Adapter-SAM, a variant of
Attention-SAM that integrates the standard multi-head self-
attention mechanism after the Adapter layer, and the method
proposed in this paper. Figure 2 (a) shows the variation
trends of BIoU values for each method across noise levels,
and (b) displays the associated BIoU decrease rate. The key
result that our method achieves a BIoU value of 0.923 at a
20% noise level is highlighted with an asterisk.

In Figure 2, at a noise level of 20%, the BIoU value of the
proposed method remains at 0.923, which is superior to the
original SAM’s 0.812, Adapter-SAM’s 0.889, and Attention-
SAM’s 0.896. The BloU reduction rate is only 6.7%, while
the other methods all exceed 9%. The gradient guidance
mechanism effectively enhances the feature representation
of sub-pixel-level boundaries through the boundary weight
map generated by the Gaussian-Laplacian operator and the
gradient sensitivity weight matrix, enabling the model to
maintain sensitivity to the boundaries of packaging visual
elements even under high noise conditions. The synergistic
effect of the boundary adaptive transformation matrix and
the feature calibration module suppresses noise interference
in non-boundary regions while preserving the geometric
integrity of the boundary structure, thus achieving a BloU
improvement superior to the comparative methods at a
noise level of 20%. Experimental results verify the effective
improvement of the proposed method in the performance of
product packaging visual element boundary recognition.

Figure 3 presents a qualitative comparison of the segmen-
tation results of various methods under 20% noise interfer-
ence. The figure displays three distinct groups of packaging
visual elements: Group 1 represents high-density text labels,
Group 2 displays barcode identification areas, and Group
3 illustrates complex texture and logo boundaries. Outputs
of the proposed method and baseline models. As observed,
the proposed method maintains a clear boundary structure
and sub-pixel-level localization accuracy across all diverse
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TABLE 1. Dataset composition and evaluation protocol

Dataset category Number of images

Boundary marking accuracy

Average image resolution  Evaluation metrics

Training set 1500
Validation set 400
Test set 600
Total 2500
Number of categories 15

High-precision marking

1024 %1024 BloU, F1

—e— Original SAM Adapter-SAM

(a) BloU Comparison

0.901

0.851

BloU

0.801

0.754

0 3 10 15 20 25

Noise Level (%)

—4— Attention-SAM

—— Proposed Method

(b) BloU Decrease Rate

307

BloU Decrease Rate (%)

0 5 10 15 20 2

Noise Level (%)

FIGURE 2. Comparison of boundary positioning accuracy methods under noise interference conditions: (a) BloU comparison; (b)
BloU decrease rate

samples. In contrast, other methods exhibit varying degrees
of boundary blurring, breakage, or false detections under the
same noise conditions. This visual evidence verifies the con-
sistent performance of the proposed method in recognizing
boundaries of visual elements on packaging in high-noise
environments.

C. BOUNDARY CONTINUITY ASSESSMENT

In the visual element boundary recognition of product
packaging, boundary continuity plays a decisive role in au-
tomated quality inspection and anti-counterfeiting analysis.
The contour F1 score, as a key indicator for evaluating
boundary continuity, can accurately reflect the structural
integrity of the model in sub-pixel-level boundary recogni-
tion, and is particularly suitable for high-precision boundary
recognition scenarios such as text labels and barcodes in
product packaging. Figure 4 compares the trend of contour
F1 scores of various methods under different reflectivity
and texture complexity conditions: Figure 4(a) shows the
impact of five levels of reflectivity on boundary continuity,
and Figure 4(b) presents the performance changes under five
levels of texture complexity.

In Figure 4, the proposed method maintains a contour
F1 score of 0.951 under 20% reflectivity, which is superior
to the original SAM’s 0.842, Adapter-SAM’s 0.884, and
Attention-SAM’s 0.891, confirming that the gradient sensi-
tivity weight matrix effectively suppresses boundary breaks
caused by reflectivity interference. With texture complexity
level 5, the proposed method produces an F1 score of
0.948 that is much better than the original SAM’s score
of 0.853, Adapter-SAM’s score of 0.881, and Attention-
SAM’s score of 0.892, indicating the feature calibration
module can effectively enhance the boundary recognition
capacity of the complex texture region. The differentiation
grows as the interference intensity grows. The additional
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boundary adaptive transformation matrix with the feature
calibration module works together to optimize the gradient
response of the boundary region, allowing for the model
to successfully enhance the geometric integrity recognition
ability of the boundary structure of the packaging visuals
while the semantic segmentation capacity maintains similar
performance.

D. ABLATION STUDY OF KEY COMPONENTS

To quantify the individual contributions of the three core
components, systematic ablation experiments were con-
ducted using Adapter-SAM as the baseline model. The
gradient-guided adapter weighting mechanism was incre-
mentally integrated first, followed by the boundary-aware
cross-entropy loss function, and finally the HD constraint.
All experiments were performed under the same 20% noise
and reflectivity conditions as the main experiments to ensure
consistent evaluation.

The results presented in Table 2 demonstrate the progres-
sive performance improvement when adding each compo-
nent. The baseline Adapter-SAM achieved a BloU of 0.889
under 20% noise conditions. The integration of gradient-
guided adapter weighting increased the BloU to 0.898,
representing a 0.009 improvement. Adding the boundary-
aware cross-entropy loss further improved the BloU to
0.912, showing an additional 0.014 gain. The final addition
of the HD constraint elevated the BloU to 0.923, consis-
tent with the main experimental results. The contour F1
score followed a similar progression, starting from 0.884
for the baseline model, increasing to 0.928 with gradient-
guided adapter weighting, then to 0.938 with the boundary-
aware cross-entropy loss, and finally reaching 0.951 with
the complete model. The gradient-guided adapter weighting
provided the most substantial individual contribution to
boundary recognition accuracy, while the HD constraint
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FIGURE 3. Qualitative comparison of segmentation results of various methods under 20% noise interference conditions
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FIGURE 4. Performance comparison of the continuity of packaging visual element boundaries under different reflectivity and texture
complexity conditions: (a) Reflection intensity impact; (b) Texture complexity impact
demonstrated critical importance for maintaining geometric computational efficiency is illustrated in Figure 5.

integrity under reflective interference.

The ablation study confirms that each component con-
tributes distinct improvements to boundary precision and
structural continuity. The gradient-guided adapter weighting
significantly enhances the model’s sensitivity to boundary
features, the boundary-aware cross-entropy loss improves
classification accuracy in critical boundary regions, and the
HD constraint ensures geometric fidelity of the predicted
boundaries. The synergistic integration of all three compo-
nents produces the highest performance metrics, validating
the design choices made in this research.

E. PARAMETER EFFICIENCY AND INFERENCE SPEED

This study evaluates the computational efficiency of the
boundary-aware Adapter for the recognition of elements of
visual information on product packages by considering the
effect of paramater update ratios during training. Training
time is an indication of the algorithm’s iterative speed
and reflects the model’s need for computational resources
when operationalized; the GPU (Graphics Processing Unit)
memory tracks on which hardware the model can feasibly
be used, as well as the practicability of deploying the model
for edge computing use; the model increment size represents
the number of parameters that need to be added during
fine-tuning, directly effecting the cost to store and transmit
the fine-tuned models. These three measures represent a
multi-dimensional standard of measuring the practicality
outcomes of applying lightweight fine-tuning methods and
are especially relevant for industrial inspections that are
often resource constrained. The relationship between the
parameters of the model update ratio and measures of
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FIGURE 5. Analysis of the impact of parameter update ratio on computational
efficiency in the boundary-aware Adapter: (a) Training time; (b) GPU memory
usage; (c) Model increment size

As illustrated in Figure 5, at a parameter update ratio of
0.5%, the training time per epoch is 23.18 seconds; the GPU
memory consumption is 2.68 GB; the model increment is
6.42 MB. Furthermore, when the parameter update ratio in-
creases from 0.1% to 1.0%, the training time increases from
14.32 seconds per epoch to 34.87 seconds per epoch; the
GPU memory consumption increases from 1.82 GB to 3.85
GB; the model increment increases from 1.28 MB to 12.75
MB. This observation indicates a non-linear growth pattern
that reflects the more complicated relationship between the
parameter update ratio and their computational resource
consumption. The boundary adaptive transformation matrix
utilizes the gradient sensitivity weight matrix to ascertain
which parameters are most relevant in updating the model,
avoiding the additional computational expense that perform-
ing full model fine-tuning would incur, while allowing the
model to maintain an accurate recognition of the boundary
features of the packaging visual elements. This synergistic
parameter selection mechanization, alongside the feature
calibration trimming module, enables the model to reduce
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TABLE 2. Ablation study of key components under challenging conditions

Component combination

BloU (20% noise)

Contour F1 (20% reflectivity) ~ Improvement over baseline

Adapter-SAM (baseline) 0.889 0.884 -

+ Gradient-guided adapter weighting 0.898 0.928 +0.009
+ Boundary-aware cross-entropy loss 0.912 0.938 +0.014
+ HD constraint 0.923 0.951 +0.011
Full model (all components) 0.923 0.951 +0.034
the computational costs significantly while preserving a REFERENCES

general expressive power, thus validating the operational
potential of lightweight adapter design in industrial appli-
cations.

IV. CONCLUSION

This paper proposes a gradient-guided boundary adaptive
Adapter method, which addresses the high noise, complex
texture, and reflective interference characteristics of prod-
uct packaging by extracting multi-scale feature maps from
the ViT encoder output in SAM. Then, a LoG operator
is applied to generate pixel-level boundary weight maps.
Gradient magnitude and direction sensitivity weights are
calculated using a differentiable boundary response func-
tion and embedded into the Adapter linear transformation
matrix. The weight map and feature map are element-wise
multiplied and then input into a lightweight convolution-
normalization module to calibrate the features. Parameter
optimization is achieved by combining a boundary-aware
cross-entropy loss function and HD constraints. Experi-
mental results show that the BIoU reaches 0.923 under
20% noise conditions, and the contour F1 score remains
at 0951 under 20% reflectivity. This method effectively
improves the problems of blurred edges, poor continuity,
and high false detection rates of visual elements on packag-
ing, achieving sub-pixel-level precise boundary localization
of visual elements such as text labels and barcodes on
product packaging. This meets the stringent requirements
of e-commerce platforms and automated quality inspection
systems for boundary recognition accuracy.
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