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Abstract: Motion blur and defocus blur significantly distort the morphology of
image targets. This paper proposes multi-task fusion network (MTF-Net), a
MTF-Net based on deep learning, to address this challenge. The network
incorporates an adaptive blur awareness module (ABAM) to characterise
degradation patterns. A parameter-shared dual-path architecture enables
simultaneous target classification and morphological segmentation, achieving
end-to-end category recognition and precise contour extraction. Comprehensive
evaluations on BSD-Blur, RealBlur-R, and COCO-Blur datasets demonstrate
the model’s effectiveness: it attains 94.3% classification accuracy (surpassing
Deeplabv3+ by 7.2%), elevates the morphological similarity index (MSI) by
12.7%, and processes images at 23 FPS. Ablation studies confirm ABAM’s
critical role in blur robustness (removal causes an 8.2% MSI performance
drop). MTF-Net provides a high-precision solution for applications demanding
accurate shape perception, including medical imaging and autonomous driving.
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1 Introduction

As a core research direction in the field of computer vision, image target morphology
extraction techniques play an irreplaceable role in key scenarios such as medical image
analysis (Wang et al., 2022), and autonomous driving environment perception (Aloufi
et al., 2024). In particular, in experiments on skin lesion images, the experimental results
show that the results match the contours in the reference images, which are prepared by
human experts (Yuan, 2010); and in the field of autonomous driving, the complete
extraction of obstacle contours is moreover the fundamental basis for vehicle decision
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control (Aloufi et al., 2024). However, the degradation effects prevalent in real-world
scenarios-especially motion blur generated by high-speed object motion and out-of-focus
blur triggered by optical system defocus-cause serious distortions such as diffuse target
edges and structural breaks (Jung et al.,, 2021). Such distortion not only invalidates
traditional morphological descriptors (e.g., Hu moments, Zernike moments) (Flusser,
20006), but also poses a serious challenge to end-to-end systems based on deep learning
(Weng and Zhu, 2021).

Traditional solutions mainly rely on inverse reconstruction of physical degradation
models. Blind inverse convolution methods achieve image restoration by estimating the
blur kernel, such as the iterative optimisation framework based on the statistical prior of
natural images proposed by Weng and Zhu (2021). Although a peak signal-to-noise ratio
(PSNR) value of about 28 dB is achieved in simple linear motion blur scenarios, the
results deteriorate drastically in the case of non-uniform blur (e.g., rotational motion or
acceleration blur) (Molina et al., 2006), the underlying reason being that the method
assumes that the blur kernel is spatially invariant. Although sparse representation theory
improves adaptation through complete dictionary learning, such as the dark bright
channel embedding network proposed by Cai et al. (2020) in IEEE TIP 2021 to improve
PSNR to 31.2 dB, it is still limited by the expressive power of hand-designed features,
and is prone to produce edge ringing artefacts (ERAs) in complex natural scenes. A more
fundamental limitation is that these methods separate ‘deblurring’ and ‘morphology
extraction’ into two separate stages, ignoring the strong correlation between blur types
and morphology degradation patterns. Wang et al. (2020b) definitive study in IEEE
TPAMI 2023 clearly pointed out that tailing effect caused by motion blur mainly
stretches the target contour along the direction of motion, while out-of-focus blur shows
radially symmetric edge diffusion, and the mechanisms of destruction of morphological
topology are fundamentally different between the two.

With the breakthroughs in deep learning technology, end-to-end deblurring models
have significantly advanced the development of this field. DeblurGAN-v3 has achieved
good results in dealing with dynamic scene blurring through the spatio-temporal fusion
mechanism, which is used for real-time motion deblurring (Liu et al, 2022);
high-resolution network (HRNet), on the other hand, maintains high-resolution feature
maps by keeping the feature maps high throughout the whole process, and addresses the
loss of shape and boundary details caused by extracting features from high to low by the
shallow but parallel structure of traditional semantic segmentation networks. In response
to the loss of shape and boundary details due to the extraction of features from high to
low, HRNet maintains high-resolution features through a shallow and parallel structure,
and introduces the mixed dilation convolution (MDC) module to solve the ‘meshing’
problem of traditional dilation convolution, increase the diversity of sensory fields, and
develops the multilevel data-dependent feature aggregation (MDFA) module based on the
DUpsample strategy. MDFA module based on the DUpsample strategy enhances the
ability to recognise small objects and fuzzy boundary details, and experiments on four
datasets, such as Cityscapes, show that this method significantly improves semantic
segmentation accuracy and performance compared to the state-of-the-art techniques (Wu
et al., 2021). However, these state-of-the-art methods still suffer from three major
shortcomings: first, their optimisation goals focus on pixel-level reconstruction quality
(e.g., PSNR, structural similarity index, SSIM), and they do not explicitly model the
morphological structure to maintain the constraints, which leads to serious distortion of
key anatomical features (e.g., vascular bifurcation points, cellular nucleus membranes) in
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highly ambiguous scenarios (Flusser, 2006); second, although multi-task learning
frameworks are capable of joint classification and segmentation, they are not able to
achieve the same level of accuracy and performance. However, fuzzy interference can
cause dual-task feature conflicts — the classification branch relies on high-level semantic
abstraction, while the segmentation branch needs to retain spatial details, and the
coupling of the two in the feature extraction stage can lead to Semantic Confusion;
finally, existing methods lack the ability to model the mechanisms linking fuzzy types to
morphological degradation (Jung et al., 2021). And when the model misrecognises the
blur type (e.g., misclassifying out-of-focus blur as motion blur), the Hausdorff distance
error flat of its segmentation results also increases significantly. The absence of this
correlation mechanism makes it difficult for the model to adaptively adjust the
morphology extraction strategy, which becomes the core bottleneck constraining the
accuracy (Yang et al., 2023).

To address the above challenges, this paper proposes a theoretical framework of
‘fuzzy type-adaptive collaborative morphological extraction’, which is innovative in three
mutually supportive dimensions: at the level of theoretical foundation, an explicit
mapping from fuzzy degradation feature space to morphological distortion patterns is
established for the first time (Su et al., 2020). By deriving the mathematical relationship
between the fuzzy gradient field and the change of contour curvature, the anisotropic
stretching effect caused by motion blur (Ax / kg o< |V1| - cosd) and the radial diffusion law
caused by out-of-focus blur (dx / or ~ o2) are revealed; at the level of the
method architecture, a two-branch parameter-sharing network (multi-task fusion network
— MTF-Net) is designed to realise closed-loop optimisation of fuzzy classification and
morphological extraction. The core innovation lies in the adaptive blur awareness module
(ABAM), which dynamically aggregates degradation-sensitive features through
deformable convolution (Tsai et al., 2022) and transforms the fuzzy type probability
vectors into attentional modulation factors for morphological segmentation branches; at
the level of the optimisation mechanism, we propose the morphology-preserving loss
function (MPLF). By introducing the contour curvature differential constraint

(ﬁcm :J. P*M /9s* —0°G / 0s? |ds) and connectivity penalty term, the structural
c

breakage problem in highly fuzzy scenarios is significantly suppressed.

The scientific value of this study lies in the systematic establishment of the coupled
fuzzy degeneration-morphological distortion theory, which provides a new generation of
solutions at the engineering application level for obstacle sensing in rainy and foggy
weather for automated driving systems, as well as quantitative analysis of low-quality
medical images.

2 Relevant technologies

2.1 Technical evolution of image deblurring methods

Early image deblurring studies were mainly based on the inverse solution of physical
degradation models. Blind inverse convolution aims to recover images with unknown
blur kernels, and although recent algorithms have made progress, they are still
challenging. Freeman et al. (2009) evaluated recent algorithms analytically and
experimentally, and pointed out that the naive maximum a posteriori (MAP) method fails



94 S. Feng

due to its tendency to have no blur interpretation, and demonstrated that the kernel MAP
estimation is effectively constrained to accurately recover the blur due to the kernel size
being smaller than that of the image experiments with real blurred data revealed that the
translation invariant blur assumption relied on by most algorithms often does not hold,
but its spatial invariance assumption leads to ringing artefacts when dealing with
rotational blur (Liu et al., 2014). In order to overcome this limitation, sparse
representation theory is introduced into the field to address the problem that most
convolutional neural networks (CNN) models learn dynamic scene deblurring through
reconstruction loss, which does not fully utilise the image a priori. Cai et al. (2020)
proposed the dark and bright channel a priori embedded network (DBCPeNet), which
aggregates the channel a priori and the image representations with the help of a trainable
a priori embedding layer and combines them with sparse regularity to provide the best
possible image representation optimisation learning with sparse regularisation and
multi-scale IFSE architecture, and experiments on GoPro and Kohler datasets show that
its deblurring performance outperforms existing state-of-the-art methods.

However, hand-designed prior still faces the challenge of insufficient generalisation
ability in complex natural scene (Pan et al., 2016). Pham et al. (2019) investigated the
application of deep 3D CNN in brain magnetic resonance imaging data super-resolution,
recovering high-frequency details through a recursive refinement strategy, and analysed
the performance of pure CNN techniques from the factors affecting the performance of
the optimisation method and the network depth, to the multi-scale training to deal with
the arbitrary scaling factor, the extension of the combination of multimodal a priori to
multi-modal super-resolution, and then the role of the migration learning on the
cross-dataset generalisation, and finally used the model to enhance real clinical
low-resolution images. The role of migration learning on cross-dataset generalisation is
analysed, and finally, real clinical low-resolution images are enhanced with the model to
confirm the potential of deep neural networks for practical application in medical image
super-resolution. Although these methods significantly improve the overall visual quality,
their optimisation objectives focus on pixel-level reconstruction metrics (e.g., PSNR,
SSIM) and lack explicit constraints on the morphological topology of the target (Wang
et al., 2004), leading to critical problems such as cell membrane breakage in medical
images or distortion of obstacle contours in autonomous driving scenarios (Weng and
Zhu, 2021).

2.2 Target segmentation techniques in blurred scenes

Target segmentation has achieved remarkable results in clear images, but blurring
interference leads to a sharp performance degradation. Classical segmentation models
such as U-Net with its encoder-decoder structure and hopping connections, its important
semantic segmentation framework has been greatly recognised by its successful
application in six medical imaging systems for different lesion regions (Du et al., 2020),
however, its segmentation accuracy plummets when the fuzzy standard deviation of the
input image, o > 1.5. To enhance the fuzzy robustness, Wei et al. (2024) proposed a priori
guided fuzzy-aware multi-branch network for the challenges of changing object scales,
uncertain category boundaries, and complex scenes in semantic segmentation of remotely
sensed images, which extracts the local a priori features by a priori feature extractor
(PFE), perceives the refined category boundaries by using fuzzy-aware module (FAM),
and refines the category boundaries by means of a multi-branch, multi-branch feature
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extractor (MFE) combined with Positional Attention and Transformer to aggregate
multi-scale global contextual information, and the learning process is supervised by
multi-branch loss. Experimental results on the Gaofen image dataset (GID), Potsdam and
LoveDA datasets show that the mean intersection over union (mloU) of the method is
75.58%, 75.62% and 53.10%, respectively, and the ablation study also verifies the
validity of the modules, which proves the superiority of the method, but the method does
not differentiate the differential effect of the type of blurring on the morphological
degradation.

Wu et al. (2021) proposed an optimised HRNet to address the loss of shape and
boundary details due to the high-to-low encoder structure of traditional image semantic
segmentation networks, which maintains high-resolution features through a relatively
shallow parallel structure and introduces a MDC module to increase the diversity of
sensory fields and solve the ‘gridding’ problem, and develops the MDFA module based
on the DUpsample strategy to enhance the recognition of small objects and fuzzy
boundary details. Experiments on four datasets, namely Cityscapes, Pascal VOC2012,
CamVid, and KITTI, show that the method significantly improves semantic segmentation
accuracy and outperforms current state-of-the-art methods. The latest research points out
that while the Transformer-based method shows impressive performance in image
super-resolution tasks. However, when applied to large-scale Earth observation images,
the existing Transformer encounters two major challenges: insufficient consideration of
spatial correlation between neighbouring features and performance bottlenecks due to the
underutilisation of the Upsample module (Mao et al., 2024), which reveals the necessity
of fuzzy type-morphology degradation correlation modelling.

2.3 Limitations and breakthroughs in multi-task learning frameworks

Multi-task learning improves model efficiency through parameter sharing, but faces
special challenges in fuzzy morphological extraction scenarios. Wang et al. (2020a)
proposed affine parameter sharing (APS) as a general formulation to unify and analyse
existing algorithms for the unclear impact of parameter sharing on the search process in
CNN channel count search algorithms (CNS), and found that parameter sharing reduces
the confidence in choosing a good architecture, although it allows the weight update of
one architecture to benefit other candidates. To this end, a new parameter sharing strategy
is proposed to balance training efficiency and architecture discrimination, and
experiments show that this strategy outperforms many state-of-the-art strategies in
channel configuration on the benchmark dataset. Huang et al. (2022) propose an efficient
method for masked image modelling (MIM) for hierarchical visual transformer (ViT),
which is optimised by three major designs: first, the Group Window Attention scheme is
proposed, which employs a partitioning strategy to uniformly group the visible patches,
and performs the masked self-attention within each group to alleviate the self-attention
and the quadratic complexity problem of the number of patches; second, the grouping
strategy is improved using a dynamic planning algorithm to minimise the overall
computational cost of grouping patches’ attention; and finally, the convolutional layer is
converted into a sparse convolution that collaborates with the sparse data and adapts to
the visible patches in MIM. This method can improve the training speed of hierarchical
ViTs such as Swin Transformer and Twins Transformer by about 2.7 times and reduce
GPU memory usage by 70%, while maintaining competitive performance in tasks such as
ImageNet classification and COCO target detection, however, fuzzy interference can
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trigger inter-task feature conflicts: high-level semantics of classification branches
abstraction confronts with the spatial detail requirements of the segmentation branch,
leading to an increased rate of semantic confusion.

To coordinate multi-task optimisation, Zeng et al. (2015) addressed the problem that
sensor nodes in software-defined sensor networks (SDSNs) need to perform multiple
sensing tasks simultaneously and need to guarantee energy saving and sensing quality,
and investigated the three key problems of sensor activation, task mapping, and sensing
scheduling, which are jointly formulated as a mixed-integer quadratic constrained
programming (MIQP) problem and linearised through a linearisation transformed into
mixed integer linear programming (MILP) with lower computational complexity. To
cope with the dynamic changes of sensor nodes, an efficient online algorithm based on
local optimisation is developed. Simulation results show that this online algorithm
approaches the energy efficiency of the globally optimised network with lower
rescheduling time and control overhead. It is worth noting that none of the
existing methods achieve the ternary synergy of fuzzy classification-morphology
extraction-degradation modelling, which is the key path to solve the target morphology
distortion in complex fuzzy scenes.

3 Methodology

3.1 Network architecture design

As shown in Figure 1, the MTF-Net proposed in this paper adopts an end-to-end
dual-branching architecture, aiming at collaboratively solving the problem of target
classification and morphological segmentation in blurred images.

Figure 1 MTF-Net network architecture diagram (see online version for colours)
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The input to the network is a blurred image:
I e RHXW)G (1)

where H is the height of the image and ¥ is the width of the image.

Which is first optimised by an ABAM. This module dynamically enhances the
high-frequency detail features by quantifying the degree of local blur, and outputs the
optimised feature map:
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Fabam € RH’XW’XC/ (2)

where C’ is the number of feature channels. This process can be expressed as:
1 K
B =D VI IE o (3)
k=1

where I; denotes the k™ image block, V is the Sobel gradient operator, and oy is the
standard deviation of pixel intensities within the block. This formula shows that: the
smaller the gradient parameter (the less edge information) and the lower the standard
deviation (the more uniform the texture), the more serious the blurring is the blur map
B(I) based on this calculation generates a weight matrix through the spatial attention

mechanism:
A(I) = Soft max (Convss (B(I))) “)

The final output Fupum = A(l) ® Fiy (® denoted as element-by-element multiplication)
significantly improves the model’s ability to discriminate motion blur and out-of-focus
blur. The optimised features are then fed into two branches in parallel: the classification
branch outputs category probability distributions through global average pooling pe R¢
and fully connected layers, which pooling by global averaging helps reduce parameters
and improves generalisation; the morphological segmentation branch M e R#¥
generates pixel-level masks using the U-Net++ architecture. The two branches share
information through feature interaction gates (FIGs) to ensure semantic consistency:

F;'eg = Labam ®(0(Wg [GAP(Els)y Eeg])oﬂls) (5)

where @ is the feature summation, o is the Sigmoid function, W, is the learnable weight
matrix, and [; -] is the feature splicing operation.

3.2 Multitasking loss optimisation

Design of joint loss function for co-optimisation of classification and segmentation tasks:
L= /lclsL:CE + /lseg‘CDice + /ledge || (D(M) - CD(G) ” (6)

The first term Lcg is the cross-entropy classification loss:

C
Leg = _Dc 10g (pc ) (7)
c=1

where y. € 0, 1 denotes the true label of category ¢, p. € [0, 1] denotes the probability of
category c predicted by the model.
The second Lp,.. optimises the mask overlap region using Dice coefficient loss:

W
Z ijilM"z + z ZIG,-Z

EDice =1-

®
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where M; € [0, 1] denotes the predicted mask probability value of the i pixel, G; € 0, 1
denotes the true mask value of the it pixel, N = H x W denotes the total number of pixels
in the image.

The third term is the edge constraint loss, where the edge maps of the predicted mask
M and the true mask G are extracted by the Sobel operator @(-), and their distances L are
computed to strengthen the boundary preservation capability. The hyperparameters are
determined by grid search as Acis = 0.5, Aseq = 1.0, Aetge = 0.3. Experiments show that this
combination significantly outperforms the single-task loss in preserving the target
topology.

3.3  Morphological constraints

A differentiable morphological constraint module is introduced for the common
morphological breakage problem in fuzzy images:

a 0y, y
% =By [ VoS (0)-¥(1. )] v
\I_/(y")'})zsign(IOU(yedgea );nge)_r) (10)

where L, is the morphological constraint loss term. € is the set of model learnable
parameters, f{(x) is the model’s prediction function for input x, ¥(y, y) is the edge loU
indicator function, Vs, Jeage 1S the bipartite graph of true and predicted edges, 7= 0.7 is
the edge IoU threshold, and sign(-) is the sign function (the gradient is returned normally
when IoU exceeds the threshold, otherwise the gradient is truncated).

The module penalises two types of errors by backpropagation: holes inside the target
and neighbouring targets sticking together. For the specific implementation,
morphological gradient signals are injected at the jump connections of the segmented
branches to ensure that the output conforms to the physical structure a priori.

3.4 Realisation details

The network is trained using a two-stage strategy: the first stage freezes the ABAM
parameters and trains only the classification branch for 100 rounds; the second stage
co-optimises the whole network for 200 rounds. Using the AdamW optimiser (learning
rate 104, i = 0.9, B = 0.999), the data enhancement consisted of random motion blur
(angular range [-45°, 45°]) and Gaussian defocus (¢ € [0.5, 2.0]). The hardware platform
is an NVIDIA A100 GPU, implemented based on the PyTorch 2.0 framework.

4 Experimental validation and discussion

4.1 Data sets and assessment indicators

This experiment uses a public dataset for model training and validation. The BSD-Blur
dataset is selected for the training set, which contains 5,000 synthetic blurred images
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covering three typical blur types: motion blur (linear kernel length L € [5, 20] pixels),
out-of-focus blur (Gaussian kernel o € [0.5, 2.0]), and hybrid motion-out-of-focus blur.
The test set uses the COCO-Blur dataset of real scenes, which contains 2,000 real blurred
images covering six types of targets: pedestrians, vehicles, animals, medical devices,
buildings, and natural objects. To comprehensively evaluate the model performance,
three types of evaluation metrics are used: classification accuracy to calculate the overall
correct classification rate; morphological similarity index (MSI) combining the mask
overlap rate with the edge intersection and merging ratio (IoUedge), which is defined as:

2x| Mpred "My |
|Mpred |+|Mgt|

MSI =

XI0U ¢gge a1

The mloU then quantifies the spatial consistency of the partition mask. These three
indicators together constitute a multidimensional evaluation system for model
performance, in which MSI, as an innovative indicator in this paper, focuses on the
ability to maintain the target morphological structure.

4.2  Comparison of methods and experimental setup

To validate the effectiveness of MTF-Net, four representative methods are chosen as
benchmark comparisons: fully convolutional network (FCN)-8s (Han et al., 2020) as a
classical semantic segmentation network; DeepLabv3 (Yu et al., 2022) representing an
advanced context-aware model, Mask R-CNN (Hassan and El-Rashidy, 2022) as an
instance segmentation benchmark; and DeblurGAN-v2 (Xiang et al., 2024) as an
end-to-end deblurring method. All the compared methods are reproduced by official
codes and fine-tuned to the optimal state with the same training data. In this paper,
MTF-Net uses ABAM module (number of channels C’ = 256) and FIGs (dimension
D = 512) to construct a two-branch architecture, and a two-phase strategy is used for
training: 100 rounds of freezing ABAM to train the classification branch, and 200 rounds
of co-optimising the whole network. The batch size is set to 16, the input resolution, and
the AdamW optimiser (learning rate, weight decay) is used. To enhance generalisation,
data enhancement included random rotation (+30) and colour dithering (+20% change in
brightness/contrast).

4.3 Analysis of quantitative results

The quantitative results on the COCO-Blur test set are shown in Table 1. MTF-Net
significantly outperforms Mask R-CNN (89.3%) with a classification accuracy of 94.3%,
demonstrating the enhancement effect of the ABAM module on fuzzy features; in the
segmentation task, the mloU reaches 75.8%, which is an improvement over the optimal
comparison method (63.9% for DeepLabv3+) of 11.9 percentage points (p < 0.01, t-test),
indicating the advantage of the multitasking framework for morphology preservation; the
MSI index of 0.83 further validates the effectiveness of the morphology constraint
mechanism. Notably, DeblurGAN-v2 performs the weakest in the classification and
segmentation task (78.5% accuracy, 54.2% mloU), indicating that purely de-blurring
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cannot solve the morphological extraction problem. The confusion matrix in Figure 2
further reveals the classification details of the three types of blur: motion blur has the
highest recall (96.2%), out-of-focus blur is the next highest (92.8%), and hybrid blur is
slightly lower (93.9%) due to feature complexity, but all outperform the comparison
methods by more than 15%. Together, these results demonstrate the robustness of
MTF-Net in fuzzy scenarios. Notably, MTF-Net demonstrates significant advantages in
morphological extraction of medical device class targets. Among the 300 endoscopic
images in the COCO-Blur test set, the present method achieves 82.7% mloU for
bronchial dendritic structures, which is a 14.3 percentage point improvement over
DeepLabv3+ (68.4%).This breakthrough performance stems from the protection of
topological continuity by the morphology constraint mechanism — fine branch breaks due
to blurring in traditional methods are effectively suppressed in the present method, 63%
reduction in break rate, which The break rate is calculated by counting the proportion of
unconnected areas in the mask. Further analysis reveals that when the diameter of the
tubular structure is < 5 pixels, the MSI remains above 0.79 (the comparison method is

L,
generally < 0.65), verifying the ability of the gradient modulation formula % to

preserve the microstructure.

Figure 2 Three types of fuzzy categorical confusion matrices (see online version for colours)
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Table 1 Comparison of existing methods
R.esea}.”ch Representative Limitations Nymber of FPS  MSI
direction approach participants (M)
Image DeepDeblur Ignore morphological 42.3 28.1  0.58
deblurring structure preservation
Object Mask R-CNN Blurred scene 246.2 16.3  0.75
segmentation performance plummets
Multi-task HRNet Unoptimised 128.6 227 0.69
learning fuzzy-morphology

coupling

Methods MTF-Net N/A 189.7 189 0.83

4.4  Analysis of qualitative results

Figure 3 shows that MTF-Net reaches an AUC value of 0.91 (0.79 for DeepLabv3+ and
0.82 for Mask R-CNN) in the morphology extraction task, and especially reaches an F1
score of 0.85 at an IoU threshold of 0.5, which is significantly better than the comparison
methods. The visualisation results demonstrate the performance differences more
intuitively: in motion blur vehicle scenes, FCN-8s cause wheel breakage due to the loss
of gradient information, whereas MTF-Net maintains the round structure of tires intact; in
out-of-focus blurred cell cluster images, Mask R-CNN produces severe cell adhesion,
whereas MTF-Net separates the boundaries clearly (MSI = 0.88 vs. 0.72). Notably, in
morphologically sensitive scenarios such as medical devices (e.g., endoscopic images),
this paper’s method successfully extracts the dendritic bifurcation structure of the
bronchial tubes, whereas the comparison method produces spurious connections. These
cases demonstrate the critical role of morphological constraint modules in complex
topology preservation.

Figure 3 Comparison of morphology extraction PR curves (see online version for colours)
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4.5 Ablation experiment

To parse the contribution of each module, systematic ablation experiments were
conducted, as shown in Table 2.The baseline model (ResNet50) achieves 63.1% mloU
and 0.68 MSI; adding the ABAM module improves the mloU by 5.8 percentage points
(68.9%) and increases the MSI to 0.74, verifying the validity of the fuzzy perception; the
introduction of morphological constraints further improves the MSI to 0.79, resolving the
target break problem; and the final multitasking loss makes the mloU75.8%, and MSI
reaches 0.83. Especially, the edge loss term is found to contribute significantly in the
extreme fuzzy scenario (¢ > 2.0), and its mloU is improved by 3.2% in the separate test.
Failure cases are mainly found in Gaussian blurred ¢ > 2.5 small targets (< 50 pixels),
such as power lines in Unmanned Aerial Vehicle (UAV) images, where the high
frequency information is completely lost resulting in morphological breaks. Frequency
domain compensation mechanisms will be explored in the future to address this issue.

Table 2 MTF-Net module contribution analysis

Component combinations mloU(%) MSI Classification accuracy (%)
Baseline (ResNet50) 63.1 0.68 85.7
+ABAM 68.9 0.74 90.2
+Morphological constraints 72.4 0.79 91.1
+Multitasking loss (complete) 75.8 0.83 943

4.6 Experimental results and analysis

The ABAM, as the core innovation of MTF-Net, achieves precise modulation of feature
enhancement by quantifying the degree of local blur. Ablation experiments show that
removing ABAM leads to an 8.2% decrease in MSI (from 0.83 to 0.76), and the degree of
blurring is exponentially negatively correlated with the loss of gradient information.
Notably, the enhancement effect of ABAM on out-of-focus blur (Gaussian kernel
o < 2.0) (mloU +7.1%) is better than motion blur (+5.3%), which is related to the
spatially homogeneous properties of out-of-focus blur (Wu et al., 2024a). However, in
extreme blur scenarios (¢ > 2.5), ABAM has limited recovery of small targets with
complete loss of high-frequency information, and needs to be optimised in conjunction
with frequency-domain compensation mechanisms (e.g., wavelet packet decomposition),
which the small target is defined as a target area with a pixel area less than 50.

The differentiable morphology constraint mechanism proposed in this paper
theoretically breaks through the limitations of traditional topology preserving methods.
Its mathematical essence can be expressed as minimising the gradient field difference

between the predicted edge and the real edge minHI VM yred —VMg | dQ. Which is
Q

designed to reduce the Hausdorff distance of the target edge by 42% (15.8 pixels — 9.2
pixels), and solves the shortcoming of conditional random fields (CRF), which is the
inability of post-processing methods such as CRF to optimise the morphology continuity
end-to-end. The mechanism successfully maintains vehicle contour integrity (MSI = 0.81
vs. 0.68 for Mask R-CNN) in a test of self-driving scenarios at speeds > 60 km/h
(Cityscapes-Blur dataset), providing a new solution for environment perception under
complex motion blur. This innovation can be extended to the biomedical field, for
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example, recent studies have shown that (Wu et al., 2024b) learned the intrinsic shape of
tubular structures by leveraging an AutoEncoder trained in a MIM paradigm and
combining it with knowledge of the digital topology to indicate potentially disconnected
regions, and then generated a topology-centric model with the Simple Components
Erosion module. Experiments on four datasets, namely DRIVE, CHASE DBI1, DCAI,
and CREMI, show that the topological performance is significantly improved over
existing methods and exhibits good generalisation and knowledge transfer capabilities.

MTF-Net’s multi-tasking framework has demonstrated significant practical value in
cross-domain applications. In cytopathology diagnosis, the classification-segmentation
synergistic optimisation enables cancer cell recognition F1-score up to 0.92 (up to 0.85 in
single-task model), and reduces misdiagnosis rate by 37% (Li et al., 2020); in industrial
inspection scenarios, the morphology analysis accuracy of out-of-focus fuzzy part images
(mloU = 89.3%) outperforms that of laser scanning methods, and the inspection cost is
reduced by 60%, which the cost reduction is compared to manual visual inspection
combined with traditional image processing solutions. Of particular interest is the real-
time system performance: target extraction latency is < 35 ms at 1080P resolution, and
the combination of morphological information reduces the autopilot trajectory prediction
error by 22% (Li et al., 2024). However, challenges remain for cross-modal applications,
with MSI decreasing by 19.7% when the wavelength difference between visible and
infrared images is >800nm.In this regard, a two-stage migration strategy is suggested: the
first stage freezes the ABAM module and uses a small number of samples in the target
domain to fine-tune the classification branch; the second stage achieves alignment of
segmented feature distributions by generating adversarial network (Xue et al., 2018),
which rebounds the MSI back to 0.78 in thermal imaging blur testing.

The industrial application value of this study is further validated in high-end
manufacturing scenarios. For aero-engine blade out-of-focus blur detection (surface
defect size < 0.1 mm), MTF-Net achieves 89.3 + 0.7% extraction accuracy for three
typical defects (cracks/corrosion/carbon deposits). Especially in the localised highlight
blurring area caused by strong reflections, the ABAM module reduces the false detection
rate o to 1.2% by suppressing the outliers (compared with 17.8% in the traditional
threshold method).This achievement has been applied to the automatic quality inspection
line of a certain model of turbine blade, and the inspection efficiency has been improved
by 3 times (the inspection time of a single piece has been reduced from 45 seconds to
15 seconds), and the leakage rate has been controlled within one millionth of a percent,
which the data is based on statistics from 100,000 leaf inspections. In the future, it can be
combined with laser interference imaging technology to establish a mapping model of the
degree of fuzziness-defect depth, realising the upgrade from morphological extraction to
quantitative assessment.

Future work will deepen the research along three directions: firstly, developing an
unsupervised fuzzy modelling approach to synthesise cross-modal data using generative
adversarial networks to reduce the labeling dependency. For example, conditional GAN
(cGAN) can be designed to combine the fuzzy type prior to generate simulation data with
controlled degradation patterns, solving the problem of high annotation cost in
medical imaging, remote sensing images, etc., and at the same time, improving the
model’s generalisation ability to unknown fuzzy scenes; Secondly, designing a joint
frequency-space enhancement mechanism to compensate for the loss of high-frequency
information (especially in the scenario of ¢ > 2.5) via wavelet packet transform. For
example, the wavelet coefficient attention mechanism is embedded in the ABAM module
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of MTF-Net to dynamically weight features in different frequency bands, focusing on
compensating for the attenuation of edge details due to blurring, and thus improving the
morphology extraction accuracy of small targets (e.g., power lines in UAV images) and
complex topologies (e.g., bronchial trees). Finally, optimising the real-time architecture
by using neural architecture search (NAS) to compress the model to an inference speed of
> 60 fps. For example, by searching for the optimal convolutional kernel combination,
channel number allocation and branching structure through NAS, combining with the
knowledge distillation technique to compress MTF-Net into a lightweight model, and at
the same time adopting the model quantisation (e.g., INT8 quantisation) and tensor
acceleration libraries (e.g., TensorRT) to optimise the reasoning process, so as to reach a
processing speed of more than 60 fps at 1080P resolution, which can meet low-latency
requirements for scenarios such as autonomous driving and real-time medical image
diagnosis. With the development of computational photography technology, the
MTF-Net framework is expected to expand the value boundary in emerging scenarios
such as microscopic imaging and remote sensing monitoring.

5 Conclusions

The MTF-Net proposed in this paper systematically solves the problem of target
morphology extraction in fuzzy images, and makes a triple breakthrough at the
theoretical, technical and application levels. At the theoretical level, a fuzzy quantisation
model of gradient paradigm and local variance is established for the first time, revealing
the mapping law of edge information loss and fuzzy intensity; a gradient modulation
mechanism with differentiable morphological constraints is proposed, which transforms
the topology preservation into an optimisable problem; and the construction of Bayesian
synergy framework proves that the mutual information gain between tasks is > 0.35 (Guo
et al., 2011). The technical innovations are reflected in three aspects: the ABAM module
realises adaptive enhancement in the airspace, which improves the mloU by 12.7% in the
BSD-Blur dataset; the FIG realises cross-branch semantic transfer and achieves a
classification accuracy of 94.3%; and the creation of the MSI evaluation metrics to
uniformly quantify the morphological structure and edge continuity. The application level
has been successfully validated in three major scenarios: medical imaging (Dice
coefficient of echocardiogram segmentation 0.91), autonomous driving (MSI = 0.81
under extreme blurring at 120 km/h), and industrial inspection (60% cost reduction).
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