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Abstract 
The high-value redesign of discarded products relies on an accurate assessment of their remaining 
structure and redesign potential. However, existing visual recognition methods struggle to handle 
product damage, deformation, and occlusion, and lack quantitative assessment methods for redesign 
value. To address these issues, this paper proposes an end-to-end deep learning joint model that 
simultaneously performs shape recognition and redesign potential assessment for discarded products. 
In the shape recognition branch, a multi-branch feature extraction structure and a deformation-robust 
attention mechanism are designed to capture features of distorted and missing areas. Additionally, a 
shape structure preservation loss and an edge contrast loss are introduced to enhance boundary 
segmentation ability. In the potential assessment branch, a three-element index system comprising 
structural reusability, material integrity, and shape modification freedom is constructed. The spatial 
topological relationships among components are encoded using graph neural networks, and a shape–
potential joint embedding space is established through cross-modal fusion. Continuous potential scores 
and discrete levels are output in parallel. The model achieves dual-task joint optimization using gradient 
coordination and an uncertainty weighting strategy. Experiments on our self-built dataset of 12,847 
images of discarded electronic products show that the proposed method achieves 66.2% mIoU and 61.4% 
mAP in the shape recognition task, which are 3.8 and 4.7 percentage points higher than those of 
Mask2Former, respectively. The local mIoU on damaged areas is improved by 10.7 percentage points 
to 57.6%. The Spearman rank correlation coefficient between the predicted potential and expert scoring 
is 0.812, and the mean absolute error is reduced to 0.106. This method provides a quantifiable intelligent 
decision-making tool for the re-design of discarded products. 
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1. INTRODUCTION 
In the context of escalating global resource consumption and the rapid increase in electronic waste, 

the redesign of discarded products and their high-value recycling have become crucial steps in the green 
transformation of the manufacturing industry [1]. Unlike traditional material recycling methods (such 
as crushing and smelting), the redesign approach emphasizes retaining the original structure or 
components of the product and reconfiguring, replacing, or upgrading their functions to give the 
discarded product a new life cycle [2],[3]. This strategy can significantly reduce raw material 
consumption and carbon emissions, while preserving the process value embedded in the original 
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manufacturing process. However, current re-design practices heavily rely on engineers' experience-
based judgment and manual disassembly assessment [4]. When dealing with a large number of diverse 
and damaged discarded products, it is difficult to achieve scalable and standardized potential screening. 
How to quickly and accurately identify which products have redesign value from the massive waste 
stream is the core bottleneck restricting industrial implementation. 

In the field of computer vision, existing shape recognition methods are mainly designed for 
complete products. For example, general instance segmentation models achieve remarkable results in 
tasks such as autonomous driving and robot grasping [5],[6],[7]. However, discarded products present 
unique visual challenges: they often exhibit distorted shapes, local fractures, surface wear, and 
component loss — conditions that rarely appear in regular training data — leading to a sharp decline in 
the segmentation accuracy of existing models [8]. More critically, discarded products are often obscured 
by other waste or stacked in complex spatial configurations, further exacerbating the recognition 
difficulty [9]. although existing studies have attempted to introduce deformable convolutions or data 
augmentation to alleviate deformation issues, these methods are mostly targeted at uniform 
deformations in industrial inspection and lack specialized modeling capabilities for the random, non-
rigid, and discontinuous damage patterns of discarded products [10],[11]. The robustness of recognition 
is far from meeting practical requirements. 

In addition to the difficulty of shape recognition itself, the assessment of redesign potential is 
almost absent in both academia and industry. Currently, there is a lack of a quantifiable index system to 
support the decision-making problem of whether discarded products are suitable for redesign [12]. 
Designers often rely solely on subjective experience to judge factors such as the completeness of the 
product shell and the usability of interfaces, leaving them unable to systematically weigh structural 
reusability, material damage degree, and geometric freedom for form modification. Even after shape 
recognition, the identified components have not yet formed a semantic mapping for re-design value, 
that is, the model does not know whether a damaged shell can still become the framework of a new 
product after a small amount of cutting, nor does it know whether a specific interface on a motherboard 
will affect the overall functional reuse after damage. This “identification but unable to assess” gap 
makes it difficult for computer vision technology to truly integrate into the re-design workflow 
[13],[14],[15]. 

To address these issues, this paper proposes a joint model based on deep learning for the 
identification of discarded product shapes and the assessment of re-design potential, achieving end-to-
end mapping from image input to potential decision-making. In terms of shape recognition, a multi-
branch feature extraction structure and a shape-robustness attention mechanism are designed to 
specifically address the distortion, damage, and multi-scale issues of discarded products. A shape 
structure preservation loss and an edge contrast loss are constructed to enhance boundary 
characterization capabilities. In terms of potential assessment, a tri-element index system of structural 
reusability, material integrity, and form modification freedom is established, and graph neural networks 
are introduced to encode the spatial relationships and connection topologies between components, 
through cross-modal fusion to construct a shape-potential joint embedding space, and finally output 
continuous potential scores and discrete grades in parallel. The overall model uses gradient coordination 
and uncertainty weighting strategies to achieve dual-task joint optimization. Through a large number of 
experiments on a self-built waste electronic product dataset, the results show that the proposed method 
significantly outperforms existing mainstream methods in shape recognition accuracy, potential 
assessment consistency, and robustness to damage occlusion, verifying the engineering practical value 
of the model in re-design-assisted decision-making. 
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2. SHAPE RECOGNITION NETWORK AND ALGORITHM 
IMPROVEMENT FOR DISCARDED PRODUCT FORMS 

In view of the common engineering realities of discarded products — such as distorted shapes 
(bending and twisting), local missing parts (damage and fracture), and mixed multi-scale components 
— this paper designs a multi-branch feature extraction structure. This structure consists of three parallel 
branches: the global context branch uses a dilated convolution pyramid to capture the large-scale shape 
layout; the local detail branch retains edge and texture information through high-resolution feature maps; 
the multi-scale receptive field branch uses convolution kernels of different sizes to adapt to the scale 
changes from large shells to micro connectors. The three sets of features are aggregated through an 
adaptive fusion module guided by spatial attention to form a representation with more discriminative 
ability for the shape of abandoned products. On this basis, this paper introduces a deformation 
robustness attention mechanism (Deform-Robust Attention, DRA) to enhance the model's adaptability 
to non-rigid deformations. DRA is based on standard self-attention and predicts a two-dimensional 
offset for each query position, enabling the key-value sampling points to dynamically migrate to the 
semantic corresponding regions with undistorted shapes [16],[17]. Let the input feature map be X ∈
ℝ𝐻𝐻×𝑊𝑊×𝐶𝐶, where 𝐻𝐻, 𝑊𝑊, and 𝐶𝐶 represent the height, width, and number of channels, respectively. For 
the output position 𝑝𝑝, the attention response is calculated as: 

y𝑝𝑝 = �W𝑘𝑘

𝐾𝐾

𝑘𝑘=1

⋅ x𝑝𝑝+𝑝𝑝𝑘𝑘+Δ𝑝𝑝𝑘𝑘 ⋅ a𝑘𝑘 (1) 

In the formula, 𝐾𝐾 represents the total number of sampling points, 𝑝𝑝𝑘𝑘 is the preset grid offset, 
Δ𝑝𝑝𝑘𝑘 is the deformation offset learned by separable convolution from the current feature, a𝑘𝑘 is the 
corresponding attention weight, W𝑘𝑘 is a learnable projection matrix, and x represents the value of the 
input feature at the corresponding sampling location. By end-to-end learning Δ𝑝𝑝𝑘𝑘, the network can 
adaptively avoid damaged and missing areas and correct the spatial misalignment caused by distortion. 

To enhance the model's ability to depict the boundary of discarded products and suppress noise 
interference, this paper constructs an improved loss function composed of a shape structure preservation 
loss and an edge contrast loss [18],[19],[20]. The shape structure preservation loss acts in the feature 
space, forcing the feature representation of the deformed sample to be close to that of the undeformed 
reference sample and away from samples of other categories. Let the feature vector of the anchor sample 
𝑖𝑖 in the batch be f𝑖𝑖, its corresponding undeformed reference sample feature be f𝑖𝑖+, the negative sample 
set be {f𝑖𝑖−}, then the shape structure preservation loss ℒshape is defined as: 

ℒshape =
1
𝑁𝑁
��∥ f𝑖𝑖 − f𝑖𝑖+ ∥22+ � max

𝑗𝑗∈neg(𝑖𝑖)

(0,𝑚𝑚 −∥ f𝑖𝑖 − f𝑖𝑖− ∥22)�

𝑁𝑁

𝑖𝑖=1

(2) 

Here, 𝑁𝑁  represents the number of batch samples, 𝑚𝑚  is the boundary margin parameter, and 
neg(𝑖𝑖) indicates the index of samples that are of a different class from the anchor point. This term 
ensures that similarly deformed samples maintain a compact clustering structure in the feature space. 
The edge contrast loss ℒedge directly supervises the network's prediction of morphological boundaries 
using a pixel-level contrastive learning paradigm. Let the true edge map be E ∈ {0,1}𝐻𝐻×𝑊𝑊, and the 
predicted edge probability map be E�. For any edge pixel 𝑢𝑢 and non-edge pixel 𝑣𝑣, the edge contrast 
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loss forces E�𝑢𝑢 to be significantly greater than E�𝑣𝑣, while aligning the predicted edge with the direction 
gradient histogram of the true edge. Its expression is: 

ℒedge = −
1

∣ 𝒫𝒫 ∣
� log
𝑢𝑢∈𝒫𝒫

exp �E�𝑢𝑢
𝜏𝜏 �

� exp(𝑣𝑣∈𝒩𝒩 E�𝑣𝑣/𝜏𝜏)
+ 𝜆𝜆grad ⋅ KL�∇E� ∥ ∇E� (3) 

In the formula, 𝒫𝒫 represents the set of true edge pixels, 𝒩𝒩 represents the set of non-edge pixels, 
𝜏𝜏 is the temperature hyperparameter, ∇ denotes the gradient operator, KL(⋅∥⋅) is the KL divergence, 
and 𝜆𝜆grad  is the balance coefficient of the gradient alignment term. The final total loss is ℒtotal =
ℒseg + 𝛼𝛼ℒshape + 𝛽𝛽ℒedge , where ℒseg  is the primary segmentation loss, and 𝛼𝛼  and 𝛽𝛽  are 
hyperparameters. 

To verify the effectiveness of the proposed structure, this paper designs a systematic comparison 
with mainstream detection and segmentation networks. The comparison benchmarks include Mask R-
CNN based on standard convolution, DCNv2 with deformable convolution, and Mask2Former based 
on Transformer [21],[22],[23]. All three are re-trained and tested on the same discarded product dataset. 
The comparison experiments control a uniform input resolution, optimizer, and learning rate scheduling 
strategy. The evaluation metrics are the mean intersection over union (mIoU) of morphological 
segmentation and the local mIoU on damaged areas. Additionally, the performance degradation slope 
of each model under increasing simulated deformation conditions is recorded to characterize the 
morphological robustness. All comparisons are conducted using five-fold cross-validation and the mean 
and standard deviation are reported to eliminate the deviation caused by random initialization. 

3. RE-DESIGN THE POTENTIAL ASSESSMENT MODULE AND 
THE FEATURE INTEGRATION ARCHITECTURE 

The core of redesign potential assessment lies in converting the abstract remanufacturing value of 
a product into calculable engineering indicators [24]. This paper first constructs a three-dimensional 
potential assessment index system: Structural reusability measures the proportion of components in the 
discarded product that still retain their complete spatial configuration and connection relationships, 
reflecting the feasibility of direct reuse or local modification; Material integrity describes the proportion 
of areas on the product surface without cracks, corrosion, or material peeling, correlating the 
reinforcement cost and life expectancy in the re-design process [25]; Morphological transformation 
freedom characterizes the degree of difference between the existing geometric contour of the product 
and the target re-design form, with a smaller difference resulting in fewer processes required for cutting, 
filling, or re-structuring. These three indicators respectively depict the re-design potential from the 
topological, material, and geometric orthogonal dimensions, and together form the supervisory signals 
for the subsequent assessment model. 

To explicitly model the spatial dependency and functional correlation relationships between the 
components of the discarded product, this paper designs a component relationship encoding module 
based on graph neural networks [26],[27]. The instance segmentation results output by the form 
recognition network of the discarded product are transformed into a graph structure 𝒢𝒢 = (𝒱𝒱,ℰ), where 
the node set 𝒱𝒱 contains each node 𝑣𝑣𝑖𝑖 corresponding to a detected component, and its initial feature 
vector h𝑖𝑖

(0) ∈ ℝ𝐷𝐷𝑣𝑣  is composed of the morphological features (area, compactness, Hu moments) of the 
component, position features (centroid coordinates, bounding box), and the semantic category 
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embedding output by the recognition network. The edge set ℰ  is constructed based on the spatial 
adjacency relationship: if the intersection and union ratio of the bounding boxes of two components 
exceeds the threshold 𝜃𝜃adj or the Euclidean distance between the two components is less than 0.3 times 
the average size of the component, an undirected edge is established between them. Each edge 𝑒𝑒𝑖𝑖𝑖𝑖 
carries the initial feature e𝑖𝑖𝑖𝑖 ∈ ℝ𝐷𝐷𝑒𝑒 , including the relative displacement vector, direction angle 
difference, and length ratio of the contact boundary. The graph neural network uses the graph attention 
network (GAT) framework for information transmission, and the node update rule of the 𝑙𝑙-th layer is: 

h𝑖𝑖
�𝑙𝑙+1� = 𝜎𝜎 �� 𝛼𝛼𝑖𝑖𝑖𝑖

(𝑙𝑙)

𝑗𝑗∈𝒩𝒩(𝑖𝑖)∪{𝑖𝑖}
W(𝑙𝑙)h𝑗𝑗

(𝑙𝑙)+� 𝛽𝛽𝑖𝑖𝑖𝑖
(𝑙𝑙)

𝑗𝑗∈𝒩𝒩(𝑖𝑖)
V(𝑙𝑙)e𝑖𝑖𝑖𝑖� (4) 

In the formula, 𝒩𝒩(𝑖𝑖) represents the set of neighbor nodes of node 𝑖𝑖, 𝜎𝜎(⋅) is the ReLU activation 
function, W(𝑙𝑙) and V(𝑙𝑙) are the learnable weight matrices of the 𝑙𝑙-th layer, used to transform node 
features and edge features respectively. The attention coefficient 𝛼𝛼𝑖𝑖𝑖𝑖

(𝑙𝑙) is calculated through the shared 

attention mechanism: 𝛼𝛼𝑖𝑖𝑖𝑖
(𝑙𝑙) = softmax𝑗𝑗 �LeakyReLU �a(𝑙𝑙)𝑇𝑇[W(𝑙𝑙)h𝑖𝑖

(𝑙𝑙) ∥ W(𝑙𝑙)h𝑗𝑗
(𝑙𝑙)]�� , where ∥ 

represents vector concatenation, and a(𝑙𝑙) is the attention parameter vector. The edge feature fusion 
coefficient 𝛽𝛽𝑖𝑖𝑖𝑖

(𝑙𝑙)  adopts a similar structure, but is learned independently to capture the unique 
contribution of the connection structure between components. After 𝐿𝐿 = 3 layers of message passing, 
the feature h𝑖𝑖

(𝐿𝐿) of each node encodes its own morphological information and the structured association 
information from adjacent components. 

After obtaining the component-level structured representation, this paper constructs a 
morphological-potential joint embedding space to achieve a nonlinear mapping from geometric 
morphological features to potential indicators. This module adopts a cross-modal fusion structure, 
integrating three heterogeneous information: the global feature map Fglobal ∈ ℝ𝐻𝐻′×𝑊𝑊′×𝐶𝐶′  from the 

morphological recognition network, the component relationship features �h𝑖𝑖
(𝐿𝐿)� from the graph neural 

network, and the scene-level statistical features (component quantity, area distribution entropy, aspect 
ratio variance coefficient). Specifically, Fglobal is first compressed into a global morphological vector 

gmorph ∈ ℝ𝐶𝐶′ through global average pooling. At the same time, the component-level features undergo 
sorting-invariant maximum pooling and average pooling to obtain the global component relationship 
vector ggraph = MaxPool({h𝑖𝑖

(𝐿𝐿)}) ⊕ AvgPool({h𝑖𝑖
(𝐿𝐿)}) ∈ ℝ2𝐷𝐷ℎ, where 𝐷𝐷ℎ is the output dimension of 

the graph network, ⊕ represents vector concatenation. The scene statistical feature vector s ∈ ℝ𝐷𝐷𝑠𝑠 is 
directly normalized and connected. After being projected to a unified dimension 𝐷𝐷joint  through 
independent fully connected layers, they are adaptively fused through a cross-modal attention layer: 

zfused = LayerNorm�gmorph
′ + MultiHeadAttn(gmorph

′ , ggraph
′ , ggraph

′ )� (5) 

Here, gmorph
′  , ggraph

′   and s′  represent the projected vectors. MultiHeadAttn uses the 
morphological vector as the query, the component relationship vector as the key, and the value (Value), 
enabling the model to dynamically focus on the structural information most relevant to the potential 
[28]. The fused vector zfused is then integrated with the scene statistics vector s′ through a gating 
mechanism: zfinal = 𝛾𝛾 ⊙ zfused + (1 − 𝛾𝛾) ⊙ s′ , where the gating vector 𝛾𝛾 =
sigmoid(Wgate[zfused; s′]) is adaptively learned by the network. 

Finally, to simultaneously provide evaluation results for both continuous accuracy and discrete 
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decision-making, this paper designs a parallel output structure for potential regression and level 
classification [29]. The regression branch outputs the three-dimensional potential vector p� =
[𝑝̂𝑝struct, 𝑝̂𝑝mater, 𝑝̂𝑝form]𝑇𝑇 ∈ [0,1]3, corresponding to the predicted values of structural reusability, material 
integrity, and morphological modification freedom. The classification branch discretizes the potential 
into high, medium, and low levels, and outputs the probability distribution c� ∈ Δ3. Both branches share 
the aforementioned zfinal feature, and generate outputs through two independent two-layer multi-layer 
perceptrons. The regression loss uses an uncertainty loss that combines the absolute error and variance 
weighting [30]: 

ℒreg =
1
3
��

∣ 𝑝𝑝𝑘𝑘 − 𝑝̂𝑝𝑘𝑘 ∣
2𝜎𝜎𝑘𝑘2

+
1
2

log𝜎𝜎𝑘𝑘2�

3

𝑘𝑘=1

(6) 

Here, 𝑝𝑝𝑘𝑘  represents the true value of the 𝑘𝑘 -th potential indicator (obtained through expert 
annotation or mechanical simulation), and 𝜎𝜎𝑘𝑘2 represents the heteroscedastic noise predicted by the 
network for each indicator. This design enables the model to output an estimate of the uncertainty of 
the predicted values. The classification loss is the standard cross-entropy loss ℒcls = −∑ 𝑐𝑐𝑘𝑘3

𝑘𝑘=1 log 𝑐̂𝑐𝑘𝑘, 
where 𝑐𝑐𝑘𝑘 is the one-hot encoded version of the true rating label, and 𝑐̂𝑐𝑘𝑘 is the predicted probability. 
The total evaluation loss is ℒeval = ℒreg + 𝜆𝜆clsℒcls , where 𝜆𝜆cls  is the balance coefficient. In the 
inference stage, the regression branch outputs continuous potential scores for fine sorting, and the 
classification branch outputs ratings for quick screening. Both can also be adaptively switched or 
weighted fused based on the product type. 

4. OVERALL MODEL ARCHITECTURE AND TRAINING 
STRATEGY 

The overall model proposed in this paper integrates the identification of discarded product forms 
and the assessment of re-design potential into an end-to-end dual-task joint learning framework, sharing 
the underlying feature extraction network and synchronously optimizing the objectives of both tasks. 
The model takes the discarded product image I ∈ R𝐻𝐻0×𝑊𝑊0×3 as input, and extracts multi-scale feature 
pyramids {P2, P3, P4, P5} through the shared backbone network (a combination of ResNet-50 and the 
deformable robustness attention module). The morphology recognition head outputs instance 
segmentation results based on the feature pyramid, including component category labels 𝑦𝑦�cls, bounding 
boxes b�, and pixel-level masks M� . The potential assessment head takes the segmentation results output 
by the recognition head and the shared features as input, and outputs potential regression values p� and 
potential grades c� through the graph neural network and cross-modal fusion module. The two tasks 
update the shared backbone network simultaneously during backpropagation, enabling the component 
boundaries and structural relationships learned by morphology recognition to directly serve potential 
assessment, while the supervision signal from potential assessment feeds back to morphology 
recognition, guiding the network to focus on the key components that significantly impact the redesign 
decision. Let the loss of the morphology recognition task be ℒrecog = ℒcls + ℒbox + ℒmask + ℒshape +

ℒedge, and the loss of the potential assessment task be ℒeval = ℒreg + 𝜆𝜆clsℒcls
grade. Then, the end-to-end 

joint loss function is: 

ℒjoint = ℒrecog + ℒeval (7) 
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This joint framework avoids the problem in traditional two-stage methods where identification 
errors accumulate and amplify in the evaluation stage, enabling the system to directly optimize the final 
evaluation accuracy [31],[32]. 

Due to the significant differences in the convergence speed and gradient scale between the 
morphological recognition and potential assessment tasks, simply adding them together may lead to the 
gradient-dominated task suppressing the optimization of the other task. Therefore, this paper introduces 
the strategy of gradient coordination between tasks and uncertainty weighting. Drawing on the idea of 
homoscedastic uncertainty in multi-task learning, noise parameters 𝜎𝜎recog and 𝜎𝜎eval are assigned for 
each task, and the joint loss is re-constructed as: 

ℒjoint
unc =

1
2𝜎𝜎recog

2 ℒrecog +
1

2𝜎𝜎eval
2 ℒeval + log�𝜎𝜎recog𝜎𝜎eval� (8) 

Among them, 𝜎𝜎recog  and 𝜎𝜎eval  are trainable parameters. The term log(𝜎𝜎recog𝜎𝜎eval)  serves as a 
regularization term to prevent noise parameters from growing infinitely. This mechanism enables the 
model to automatically balance the relative weights of the two tasks: the task that converges faster 
corresponds to a larger 𝜎𝜎2, thereby obtaining a smaller loss coefficient and avoiding it from dominating 
the gradient update. On this basis, a gradient coordination strategy is further adopted to dynamically cut 
the gradients returned from the shared main network. Let 𝜃𝜃shared be the shared parameters, and grecog 
be the gradient from the morphological recognition task, and geval be the gradient from the potential 
evaluation task. If the angle between the two gradients is greater than 90∘ (i.e., the cosine similarity is 
negative), it indicates that there is a conflict between the two tasks in the current parameter space. At 
this time, the gradient is projected onto the direction of the angle bisector of the two gradients: 

gfinal = �
grecog + geval, cos(grecog, geval) ≥ 0

grecog + geval −
grecog ⋅ geval

∥ geval ∥2
geval, otherwise (9) 

In the formula, cos(⋅,⋅) represents the cosine similarity. This operation eliminates the opposing 
gradient components between tasks while maintaining the overall update direction, thereby enhancing 
the stability and convergence efficiency of multi-task learning. 

To address the scarcity of damaged and occluded samples in the discarded product data, this paper 
designs a physically-inspired data augmentation strategy, including two categories: damage simulation 
and occlusion synthesis. Damage simulation is based on the finite element concept, generating random 
fracture paths on the instance mask of the complete product: first, extract the product's axis, generate 
fracture seed points along the axis with probability 𝑝𝑝crack , and then partition the product area into 
several sub-blocks through Voronoi partitioning [33]. Let Ω be the original mask area, Ω′ be the mask 
generated by damage simulation, satisfying Ω′ = Ω ∖� Circle(𝐾𝐾

𝑘𝑘=1 c𝑘𝑘 , 𝑟𝑟𝑘𝑘), where 𝐾𝐾 is the number of 
damage areas, c𝑘𝑘 is the 𝑘𝑘th damage center, and 𝑟𝑟𝑘𝑘 ∼ 𝒰𝒰(0.05ℓ, 0.2ℓ) is the damage radius, ℓ is the 
diagonal length of the product's outer rectangle. Occlusion synthesis randomly crops irregularly-shaped 
foreground objects (such as tools, labels, other waste) from the background image library and 
superimposes them onto the product area, simultaneously modifying the corresponding mask labels. 
Let Ωocc  be the occlusion mask, then the pixel value of the synthesized image is Isyn(x) = (1 −
1Ωocc(x)) ⋅ I(x) + 1Ωocc(x) ⋅ Iobj(x) , where1Ωocc  is the indicator function, and Iobj  is the occlusion 
object image. These two augmentation strategies can be used independently or in combination. Each 
training image is applied with damage simulation with a 50% probability, occlusion synthesis with a 
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50% probability, and both with a 30% probability simultaneously. 

During the training and validation stages, a strict staged strategy is adopted to avoid overfitting 
and objectively evaluate the generalization ability [34]. The entire discarded product dataset (including 
N product types, with approximately 500-2000 instances per type) is divided into training set, validation 
set, and test set in a 7:1:2 ratio, ensuring that the same product instance does not appear across sets. The 
training stage is divided into three sub-stages: warm-up period, main training period, and fine-tuning 
period. The warm-up period lasts for 5 epochs, only training the shape recognition network, freezing 
the graph neural network and potential evaluation head, enabling the shared backbone and recognition 
branch to have basic component detection capabilities. The warm-up period uses a smaller learning rate 
of 1 × 10−4  and a batch size of 8. The main training period conducts complete end-to-end joint 
training for 80 epochs, using a cosine annealing schedule to reduce the learning rate from 5 × 10−4 to 
1 × 10−6 , and simultaneously enabling the aforementioned uncertainty weighting and gradient 
coordination strategies. Every 10 epochs, the current model's shape recognition mIoU and potential 
regression MAE are evaluated on the validation set, and the checkpoint with the minimum validation 
loss is saved. The fine-tuning period reduces the learning rate to 1 × 10−6 in the last 10 epochs, only 
updating the parameters of the potential evaluation branch, keeping the shared backbone and 
recognition branch fixed, so that the evaluation branch can better adapt to the learned feature space. The 
evaluation metrics are designed to balance the performance and collaborative efficiency of the two tasks 
[35]. The shape recognition task uses the average intersection over union (mIoU), average bounding 
box accuracy (AP@0.5), and local intersection over union (local mIoU, calculated only on components 
overlapping more than 20% with the damaged area). The potential assessment task employs the mean 
absolute error (MAE) of regression tasks, the Spearman rank correlation coefficient (𝜌𝜌, used to measure 
the consistency of ranking), and the three-class classification accuracy (Acc@3) of classification tasks. 
Additionally, the joint indicator 𝐹𝐹joint = 2⋅mIoU⋅Acc@3

mIoU+Acc@3
 is defined to comprehensively evaluate the end-

to-end performance of the model. All indicators are reported as the mean and standard deviation on the 
test set, and the influence of randomness is eliminated through five independent runs. 

5. EXPERIMENTAL DESIGN AND RESULT ANALYSIS 

5.1 Dataset construction and annotation method 

To verify the validity of the model proposed in this paper, the first image dataset for discarded 
electronic products in the redesign scenario was constructed. It covers four product categories: 
smartphones, notebook computer motherboards, small household appliances (electric shavers, hair 
dryers), and power adapters. There are a total of 12,847 images. The images were captured under various 
backgrounds and lighting conditions, including conveyor belt scenarios (45%), sorting table scenarios 
(35%), and simulated stacking scenarios (20%). Each image has a resolution of 1920×1080 pixels and 
was manually annotated: using the Polygon annotation tool to outline the contours of each 
disassemblable component pixel by pixel, assigning component category labels (a total of 21 categories, 
such as “shell”, “PCB”, “battery interface”, “heat sink”, etc.), and marking damaged areas (cracks, 
missing parts, perforations) and occluded areas. The annotation work was completed by 5 researchers 
with mechanical design backgrounds. Each image was independently annotated by at least two people, 
and any discrepancies were arbitrated by a third person. The acquisition of potential labels was achieved 
through a combination of expert scoring and finite element simulation: for structural reusability, 3 
experts in the re-design field rated the completeness of component connection methods (clasps, screws, 
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adhesives) on a 0-1 scale, and supplemented with discrete element simulation to evaluate the structural 
deformation energy after disassembly; for material integrity, the surface reflection spectrum of the 
product was extracted using a hyperspectral imager and combined with mechanical indentation tests to 
obtain the equivalent Young's modulus attenuation rate, normalized to the 0-1 range; for morphological 
modification freedom, the point cloud of the product was obtained using a 3D scanner and the Hausdorff 
distance between it and the standard parametric template was calculated, mapped to a 0-1 score after 
reverse transformation. The potential label of each image was a three-dimensional vector p =
[𝑝𝑝struct, 𝑝𝑝mater,𝑝𝑝form]𝑇𝑇, and the mean 𝑝̄𝑝 = (𝑝𝑝struct + 𝑝𝑝mater + 𝑝𝑝form)/3 was used as the basis for discrete 
level classification: 𝑝̄𝑝 ≥ 0.7 was high potential (level 2), 0.4 ≤ 𝑝̄𝑝 < 0.7 was medium potential (level 
1), and 𝑝̄𝑝 < 0.4 was low potential (level 0). The dataset was randomly divided into training (8,993 
images), validation (1,285 images), and test (2,569 images) sets in a 7:1:2 ratio. The sample distribution 
for each category is shown in Table 1. 

Table 1. Categories and sample distribution of the waste electronic products dataset 

Product categories Training 
set 

Validation 
set 

Test 
set 

High 
potential ratio 

The proportion of 
medium potential 

Low potential 
ratio 

Smartphones 2,481 354 709 0.32 0.45 0.23 

Laptop computer motherboards 2,107 301 602 0.28 0.42 0.30 

Small household appliances power adapter 2,536 362 724 0.41 0.38 0.21 

In total 1,869 268 534 0.35 0.40 0.25 

Product categories 8,993 1,285 2,569 0.34 0.41 0.25 

5.2 Comparison experiment on morphological recognition accuracy 

The morphological recognition network proposed in this paper (denoted as Ours-Seg) is compared 
with five mainstream methods: Mask R-CNN (ResNet-50-FPN), YOLACT, SOLOv2, Mask2Former 
(Swin-T), and DCNv2 (deformable convolution network). All the comparison models were trained from 
scratch on the same training set for 120 epochs. The optimizer used was SGD (momentum 0.9, weight 
decay 1e-4), with an initial learning rate of 0.01 and a multi-step decay (decreasing by 0.1 at epochs 60 
and 90). The evaluation metrics selected were the mean average precision (mAP, with IoU thresholds 
ranging from 0.5 to 0.95 in increments of 0.05), the pixel-level average intersection over union (mIoU), 
and the local mIoU for damaged areas (only calculated for components overlapping with the damaged 
annotation area by more than 20%). Additionally, the component-level F1-score was introduced as a 
supplementary metric, defined as follows: 

𝐹𝐹1 =
2 ⋅ Precision ⋅ Recall
Precision + Recall

,Precision =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
,Recall =

𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹

(10) 

In the formula, 𝑇𝑇𝑇𝑇 , 𝐹𝐹𝐹𝐹 , and 𝐹𝐹𝐹𝐹  represent the number of correctly detected components, the 
number of falsely detected components, and the number of missed detected components respectively. 
The criterion is that the IoU between the predicted mask and the ground truth mask exceeds 0.5. Table 
2 presents the morphological recognition performance of each method on the test set. 
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Table 2. Performance comparison of different methods in the task of identifying abandoned 
product forms 

Method mAP@0.5:0.95 (%) mIoU (%) local mIoU (%) F1-score (%) 

Mask R-CNN 52.3 ± 1.2 58.7 ± 1.0 41.2 ± 1.5 64.1 ± 1.1 

YOLACT 48.9 ± 1.5 54.2 ± 1.3 37.8 ± 1.8 59.3 ± 1.4 

SOLOv2 53.1 ± 1.1 59.3 ± 0.9 42.5 ± 1.4 65.2 ± 1.0 

Mask2Former 56.7 ± 1.0 62.4 ± 0.8 46.9 ± 1.3 68.5 ± 0.9 

DCNv2 54.8 ± 1.3 60.1 ± 1.1 48.3 ± 1.6 66.7 ± 1.2 

Ours-Seg 61.4 ± 0.9 66.2 ± 0.7 57.6 ± 1.2 72.8 ± 0.8 

From the data in Table 2, it can be seen that the method proposed in this paper achieves the best 
results in all four indicators. The mAP reaches 61.4%, which is 4.7 percentage points higher than the 
second-best Mask2Former (56.7%). Particularly noteworthy is the local mIoU indicator, where the 
method proposed in this paper reaches 57.6%, which is 10.7 percentage points higher than 
Mask2Former's 46.9%, representing a relative improvement of 22.8%. This verifies the significant gains 
of the deformation-robust attention mechanism and edge contrast loss in the segmentation of damaged 
areas. The F1-score reaches 72.8%, indicating that the missed detections and false detections in 
component-level detection have been effectively suppressed. Figure 1 shows the precision-recall curves 
of each method at different IoU thresholds. The x-axis represents the recall rate, and the y-axis 
represents the precision rate. The larger the area under the curve, the better the comprehensive 
performance. 



32 

 

Figure 1. Precision-recall curves of different methods in the task of identifying the forms of 
discarded products 

The method described in this paper (the solid line) is consistently higher than the comparison curve 
throughout the recall rate range. Particularly, in the recall rate range of 0.6 to 0.8, the accuracy rate 
remains above 75% steadily, while Mask2Former drops to around 68% in the same range. 

5.3 Potential assessment experiment 

To verify the effectiveness of the proposed potential assessment module, two types of evaluation 
tasks — regression and classification — were designed. The regression task uses the mean absolute 
error (MAE) and Spearman rank correlation coefficient (𝜌𝜌) between the potential prediction vector p� 
and the expert true values p as the core indicators, defined as follows: 

MAE =
1

3𝑁𝑁𝑡𝑡
�� ∣

3

𝑘𝑘=1

𝑁𝑁𝑡𝑡

𝑖𝑖=1

𝑝𝑝𝑖𝑖,𝑘𝑘 − 𝑝̂𝑝𝑖𝑖,𝑘𝑘 ∣ (11) 
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𝜌𝜌 = 1 −
6� 𝑑𝑑𝑖𝑖2

𝑁𝑁𝑡𝑡
𝑖𝑖=1

𝑁𝑁𝑡𝑡(𝑁𝑁𝑡𝑡2 − 1) ,𝑑𝑑𝑖𝑖 = rank(𝑝̄𝑝𝑖𝑖) − rank(𝑝̂̄𝑝𝑖𝑖) (12) 

Here, 𝑁𝑁𝑡𝑡 represents the number of samples in the test set, 𝑝̄𝑝𝑖𝑖 and 𝑝̂̄𝑝𝑖𝑖 respectively denote the true 
average potential and the predicted average potential of the 𝑖𝑖-th sample, and rank(⋅) represents the 
ranking function. The classification task employs the three-class accuracy (Acc@3) and the macro-
average F1 (Macro-F1). The comparison methods include: MLP regression using only global image 
features, a potential predictor that uses shape recognition output but does not include graph neural 
networks (Ours w/o GNN), a version that uses only graph neural networks but does not include cross-
modal fusion (Ours w/o CMF), and the complete model (Ours-Full). All evaluations are conducted on 
2,569 images in the test set, and the results are listed in Table 3. 

Table 3. Performance comparison of potential assessment tasks 

Method MAE (↓) Spearman ρ (↑) Acc@3 (%) Macro-F1 (%) 

MLP baseline 0.187 ± 0.012 0.621 ± 0.023 58.3 ± 1.5 56.7 ± 1.6 

Ours w/o GNN 0.134 ± 0.009 0.743 ± 0.018 67.5 ± 1.2 66.1 ± 1.3 

Ours w/o CMF 0.128 ± 0.010 0.761 ± 0.019 69.2 ± 1.3 67.8 ± 1.4 

Ours-Full 0.106 ± 0.007 0.812 ± 0.015 74.6 ± 1.0 73.5 ± 1.1 

The complete model achieved an MAE score of 0.106, indicating that the average prediction error 
for each potential indicator was approximately 10.6 percentage points, which was 43.3% lower than the 
MLP baseline. The Spearman correlation coefficient of 0.812 indicates a high degree of consistency 
between the model's predicted potential ranking and the expert ranking, ap 𝑦𝑦 = 𝑥𝑥 proaching the upper 
limit of reproducibility for manual annotation (the inter-expert consistency is approximately 0.85). The 
classification accuracy was 74.6%, and it performed robustly for the three-class imbalanced problem. 
Figure 2 shows the scatter plot of the model's predicted potential and the experts' true potential, with 
the x-axis representing the true expert score and the y-axis representing the model's predicted value. 
Each point represents a test sample. The density of points near the diagonal (𝑦𝑦 = 𝑥𝑥 ) reflects the 
prediction accuracy. 
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Figure 2. Scatter plot and linear fitting of the predicted potential of the model and the actual 
potential of the experts 

From Figure 2, it can be seen that the sample points in the low-potential area (<0.4) and the 
medium-potential area (0.4-0.7) are closely distributed along the diagonal, while the high-potential area 
(>0.7) is slightly scattered but still shows a linear overall trend. The slope obtained by linear regression 
fitting is 0.98, the intercept is 0.01, and the R2 value is 0.86. This indicates that the model has good 
consistency deviation control over the full range of potential calibration. 

5.4 Ablation experiments 

To quantify the independent contributions of each innovative module, a system-wide ablation 
experiment was designed. Starting from a base version (Base), which uses the standard ResNet-50-FPN 
backbone, no deformation-robust attention, no shape structure preservation loss or edge contrast loss, 
and the ordinary multi-task summation loss. Each module is gradually added: transformation robustness 
attention (DRA), shape structure preservation loss (ℒshape ), edge contrast loss (ℒedge ), graph neural 
network module (GNN), cross-modal fusion (CMF), and gradient coordination and uncertainty 
weighting (GCUW). All variants run under the same dataset and training strategy, and the recorded 
mIoU of shape recognition and MAE of potential assessment on the test set are presented in Table 4. 
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Table 4. Results of ablation experiments on the contribution of each module 

Configuration mIoU (%) local mIoU (%) MAE (↓) Spearman ρ 

Base 54.3 38.1 0.162 0.671 

Base + DRA 58.9 (+4.6) 46.2 (+8.1) 0.148 (-0.014) 0.712 (+0.041) 

Base + DRA + ℒshape 61.1 (+2.2) 49.8 (+3.6) 0.139 (-0.009) 0.736 (+0.024) 

Base + DRA + ℒshape + ℒedge 63.4 (+2.3) 54.3 (+4.5) 0.128 (-0.011) 0.754 (+0.018) 

Base + all recogn. improv. 64.8 (+1.4) 56.1 (+1.8) 0.122 (-0.006) 0.768 (+0.014) 

+ GNN 65.3 (+0.5) 56.8 (+0.7) 0.114 (-0.008) 0.792 (+0.024) 

+ CMF 65.9 (+0.6) 57.2 (+0.4) 0.109 (-0.005) 0.805 (+0.013) 

+ GCUW (Full) 66.2 (+0.3) 57.6 (+0.4) 0.106 (-0.003) 0.812 (+0.007) 

The ablation results show that the Deformation Robustness Attention (DRA) contributes the most 
to the performance improvement, with a single module gain of 8.1 percentage points for local mIoU, 
confirming its crucial role in handling damaged and deformed samples. In terms of the loss function, 
the shape structure preservation loss and edge contrast loss have a complementary effect: the former 
improves the global clustering quality (mIoU increases by 2.2%), while the latter enhances the capture 
of boundary details (local mIoU increases by 4.5%). The graph neural network module and cross-modal 
fusion have limited gains for the recognition task (total mIoU improvement of 1.1%), but have a 
significant impact on the potential assessment task, with MAE reduced by 0.013 and Spearman ρ 
increased by 0.037, indicating that component relationship modeling has an irreplaceable value for 
potential prediction. Gradient coordination and uncertainty weighting provide stable small increments 
in various indicators, verifying the effectiveness of the multi-task optimization strategy. 

5.5 Robustness test 

To evaluate the model's generalization ability in real industrial scenarios, three sets of robustness 
tests were designed: increasing damage degree, increasing occlusion ratio, and varying lighting 
conditions. The damage degree was quantified by the ratio 𝑟𝑟damage = Area(Ωdamage)/Area(Ω), ranging 
from 0.05 to 0.40 with a step of 0.05. For each damage level, at least 200 images were selected or 
synthesized from the test set for evaluation. The occlusion test used a similar scheme, with the occlusion 
ratio being the ratio of the occluder area to the product area, ranging from 0.1 to 0.6. Lighting variation 
was achieved by changing the image brightness factor (0.3× to 2.0×) and contrast factor (0.5× to 1.8×) 
in combination. Figure 3 shows the performance degradation curves of the complete model (Ours-Full) 
and the strongest baseline Mask2Former under different damage degrees and occlusion ratios, where 
the vertical axis represents the relative performance retention rate, defined as the current condition's 
mIoU divided by the mIoU in the no-damage condition. 
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Figure 3. Comparison of model robustness under different damage and occlusion conditions 

From the damage test curve in Figure 3 (left), it can be seen that when the damage ratio is lower 
than 0.15, the performance retention rate of our model remains above 95%, showing no significant 
difference from the baseline model. When the damage ratio rises to 0.25, the performance retention rate 
of the baseline model drops to 72%, while the model in this study still maintains a relative performance 
of 86%, demonstrating a strong tolerance to a wide range of damages. When the damage ratio reaches 
0.40, the performance retention rate of the model in this study is 68%, significantly better than the 51% 
of the baseline model. The occlusion test in Figure 3 (right) shows a similar trend: at an occlusion ratio 
of 0.4, the relative performance of the model in this study is 79%, while the baseline is 61%; at an 
occlusion ratio of 0.5, the model in this study drops to 71%, and the baseline drops to 52%. This 
indicates that the deformation robustness attention mechanism effectively avoids semantic pollution 
caused by occluders by dynamically shifting the sampling points. In the illumination variation test 
(summarized in Table 5 in tabular form), the mIoU of the model in weak light (0.3× brightness) 
conditions drops to 81% of normal lighting conditions, while in strong light (2.0× brightness), it is 86%, 
while the corresponding values for the baseline model are 67% and 71%, further verifying the model's 
adaptability to changes in on-site acquisition conditions. 

Table 5. Comparison of mIoU for morphological recognition under different lighting conditions 

Lighting conditions Brightness factor Contrast factor Ours-Full mIoU (%) Mask2Former mIoU (%) 

Normal lighting 1.0 1.0 66.2 62.4 

Weak light 0.5 0.7 56.9 (86.0%) 49.3 (79.0%) 

Extremely weak light 0.3 0.5 53.6 (81.0%) 41.8 (67.0%) 

Strong light 1.8 1.4 59.8 (90.3%) 47.5 (76.1%) 

Extremely strong light + overexposure 2.0 1.8 56.9 (86.0%) 44.3 (71.0%) 

Note: The figures in parentheses represent the performance retention rate under relative to normal 
lighting conditions. 
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6. CONCLUSION AND OUTLOOK 
This paper addresses the dual challenges of difficulty in form recognition and the lack of potential 

assessment in the scenario of redesigning discarded products by proposing an end-to-end deep learning 
joint model. In terms of form recognition, the designed multi-branch feature extraction structure and 
deformation-robust attention mechanism effectively overcome the common problems of bent distortion, 
local damage, and multi-scale mixture in discarded products. The introduction of form structure 
preservation loss and edge contrast loss further strengthens the boundary segmentation ability of 
damaged areas. Experiments show that this method improves the local intersection-over-union index of 
damaged areas by more than ten percentage points compared to the existing optimal model, proving its 
advantage in specialized modeling for irregular form degradation. In the potential assessment of re-
design, a three-element index system of structural reusability, material integrity, and form modification 
freedom was constructed. The component relationship encoding module based on graph neural 
networks can capture the spatial attachment and connection topology information within the discarded 
product, and the form-potential joint embedding space realizes the interpretable mapping from 
geometric form to engineering potential. The parallel output design of potential regression and level 
classification takes into account both precise sorting and rapid screening, achieving a Spearman 
correlation coefficient of over 0.81 with the consistency of expert scoring, verifying the effectiveness 
of quantitative assessment. 

From the perspective of engineering applicability, the model in this paper can be directly deployed 
in the image acquisition stage of the waste product recycling sorting line. Without the need for manual 
disassembly or physical inspection, it can output the component-level segmentation results and re-
design potential scores of each product in real time. This capability provides quantitative decision-
making basis for re-design engineers: high-potential products can enter the detailed disassembly and 
functional reconfiguration process, medium-potential products are suitable for material replacement or 
partial renovation, and low-potential products are redirected to the traditional material recycling path. 
Compared with the existing mode that relies entirely on manual visual screening, this model 
significantly improves sorting efficiency and evaluation consistency, and reduces the loss of 
misjudgment caused by subjective judgment differences. The model shows good robustness to different 
degrees of damage and occlusion, maintaining a relative performance of 86% even when the damage 
ratio reaches 25%. This indicates its potential to work stably in real recycling scenarios (product 
stacking, dirtiness, light changes). 

Looking to the future, this model still has several expandable directions. In the aspect of few-shot 
learning, the current model relies on a certain scale of high-quality labeled data. However, in actual 
industrial scenarios, new types of waste products constantly emerge, and labeling costs are high. In the 
future, we can introduce meta-learning or contrastive pre-training strategies to enable the model to 
quickly adapt to unknown product categories with only a small amount of samples. In the aspect of 
domain generalization, the dataset of this paper mainly comes from consumer electronics. The product 
types, damage patterns and background conditions on the recycling lines show significant domain 
differences. We can study methods based on domain adaptation or domain randomization to reduce the 
performance degradation of the model across different recycling lines. In the aspect of closed-loop 
optimization, the current model belongs to open-loop prediction and lacks feedback signals from actual 
re-design results. If we can construct a data loop of “prediction - re-design - effect evaluation - model 
update”, allowing the model to continuously learn from real re-design success cases, it will further 
improve the long-term accuracy and industrial adaptability of potential assessment. In addition, 
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extending potential assessment from discrete ternary indicators to interpretable diagnostic maps (such 
as indicating which component and what kind of damage limits the re-design freedom) will also be an 
important direction for promoting the practical application of the model. 
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