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Abstract—To address the challenges in core-cavity design for
injection molds—namely reliance on manual experience, low
automation, and difficulty in ensuring manufacturability—this
paper proposes a constraint-aware core-cavity generation method
tailored for injection mold design. Taking product 3D geometric
data as input, the method formulates core-cavity generation as a
3D voxel generation problem with strong engineering constraints,
thereby uniformly describing complex geometric complemen-
tarity and process constraints. To address the challenge of
core-cavity regions occupying an extremely small proportion
in voxel space and being easily overwhelmed by background
information during training, a data augmentation strategy based
on nearest-neighbor densification and a dynamically adjusted
Focal loss function are introduced. This mitigates the impact of
extreme class imbalance on model training stability and accuracy.
Simultaneously, draft angle constraints and core-cavity mutual
exclusion constraints are embedded in the network training
process in a differentiable form, guiding the model to generate
structures that meet practical injection molding requirements.
Experimental results demonstrate that the proposed method
stably generates geometrically consistent and process-feasible
core-cavity structures across multiple sets of typical injection
mold data, achieving significant improvements in key area
accuracy and engineering usability compared to traditional 3D
segmentation methods. The findings provide an effective data-
driven solution for intelligent injection mold design.

Index Terms—Injection mold design; Core—cavity generation;
Constraint-aware modeling; 3D voxel learning; Deep learning;
Smart manufacturin

I. INTRODUCTION

Injection molds are critical in plastic forming; core-cavity
design directly affects product quality. Traditional design relies
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on manual experience and rule-based operations, leading to
long cycles and inefficiency [1]. With smart manufacturing,
data-driven automatic generation of mold structures has be-
come a key research direction.

Deep learning has advanced 3D analysis, including segmen-
tation and shape completion [2], [3]. Some works apply 3D
learning to mold design [4], but core-cavity generation is not a
simple segmentation task—it involves strong engineering con-
straints and extreme class imbalance: cores and cavities occupy
less than 1% of voxels in our dataset, causing conventional
losses to be dominated by background [5]. Moreover, injection
molding requires draft angles and spatial mutual exclusivity,
which pure data-driven models often fail to satisfy [6].

Prior efforts incorporate engineering constraints into deep
learning [7], but they typically rely on post-processing or
rule filtering, lacking effective guidance during training and
struggling with extreme imbalance. Thus, unifying geometric
complementarity, class imbalance, and process constraints
remains an open problem.

This paper proposes a constraint-aware core-cavity gener-
ation method with three key contributions: (1) unified con-
strained 3D voxel generation modeling, (2) a mechanism
handling extreme class imbalance via KNN densification and
dynamic Focal Loss, and (3) differentiable embedding of draft
angle and mutual exclusivity constraints. Experiments on real
datasets show significant gains in accuracy and manufactura-
bility over conventional methods.
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II. RELATED WORK

This work spans mold design automation, 3D deep learning,
and engineering constraint integration.

Mold design automation: Traditional core-cavity genera-
tion relies on geometric reasoning and feature recognition [8],
[9]. Rule-based systems and template matching have also been
explored [10], [11]. However, these methods require extensive
manual intervention for complex parts [12].

3D deep learning: Point-based methods like PointNet [13]
and voxel-based CNNs [14] have advanced 3D analysis. Gen-
erative models such as 3D-GANs and VAEs [15], [16] enable
shape generation. Direct application to core-cavity generation
faces challenges: extreme class imbalance (core/cavity occupy
0.1% voxels) and lack of process constraints [4], [17].

Class imbalance: Focal Loss [5] addresses imbalance by
down-weighting easy samples. Dynamic weighting strategies
[18], [19] adaptively adjust focus during training. However,
mold imbalance (1:1000) is far more severe than typical
scenarios.

Constraint embedding: Differentiable rendering [20] and
physics-informed neural networks [21] incorporate constraints
into learning, yet mold-specific rules (draft angle, mutual
exclusivity) remain underexplored.

In summary, no prior work unifies extreme imbalance han-
dling with differentiable injection-mold constraints. This paper
fills this gap via KNN densification, dynamic Focal Loss, and
differentiable constraint embedding.

III. CONSTRAINT-AWARE CORE-CAVITY GENERATION
METHOD

The proposed method takes a product point cloud as input
and outputs core—cavity voxel representations that satisfy geo-
metric complementarity and process constraints. This section
formulates the problem, defines decision variables and core
constraints, and details the KNN densification, SE-enhanced
3D U-Net, dynamic Focal Loss, and differentiable constraint
embedding.

A. Problem Modeling and Decision Variables

Let the point cloud be P = {p;} ;. p; € R3. On a regular
grid V = {v, 4 .}, we aim to assign each voxel to background,
core, or cavity. To enable differentiable optimization, we
introduce a continuous probabilistic field

S('U) = [Sbg(v)vscore(”%&:avity(“)} S [0, 1]37 YoeV, (1)

with spg + Score 1 Scavity = 1. The final binary occupancy is
O(v) = argmax, s.(v). The generation must satisfy:

« Spatial exclusion: V.ore N Veavity = 0.

o Draft angle: Surface normals must deviate from the
opening direction by at most 0,,;,.

¢ Geometric matching: Cavity matches outer product sur-
face; core complements inner surface.

B. KNN Point Cloud Densification

Raw data contain only ~ 0.1% core/cavity voxels. For each
point p;, we generate m = 2 new points from its £ = 5 nearest
neighbors N (p;) via weighted interpolation:

DN (p) WiPs _
Pnew = %7 Wy = Hpj 7pz|| 1' (2)

This increases target-region point density by ~ 10X (train-
ing only). The densified cloud is voxelized to 1283; each
occupied voxel receives a 5-channel feature X (occupancy,
mean normal, local density).

C. SE-Enhanced 3D U-Net Architecture

We adopt a 3D U-Net with Squeeze-and-Excitation (SE)
blocks. The encoder has four down-sampling stages (residual
block + SE + stride-2 3D conv). SE recalibrates channels via

z =o(W20(W1GAP(z))), T==z-u, 3)
where §=ReLU, o=Sigmoid. The decoder symmetrically up-
samples with skip connections. After multi-scale aggregation,

a1l x 1 x 1 convolution and softmax yield the probabilistic
field S.The overall network structure is shown in Figure 1.

Data Loss Optimization
Input Data Preprocessing Modellinferenice Calculation & Update
KNN densification SE-enhanced 3D U-Net Focal Loss Backpropagation
(2x density) (dynamic a) (gradient
Point Cloud Encoder (4 layers) accumulation)
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(Nx3) : N ] : Soft Dice Loss N
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Fig. 1. SE-Enhanced 3D U-Net Architecture and Training Flowchart.

D. Dynamic Focal Loss

For core/cavity classes (background excluded) we employ
Focal Loss:

1
Lfocal = 7@ Z Z

v c€e{core,cav}

al (1—p.(v))"logpe(v), (4)

with v = 2.0. Class weights «.. are dynamically adjusted based
on validation Dice improvement:

O[gt+1) — Olgt) <1 + )\ . ]I

starting from [0.1, 10, 10] and converging to [0.1,19.8,19.8].
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E. Differentiable Constraint Embedding
Spatial mutual exclusivity:

1
Emutual = m Z max(O, Score t+ Scavity — 1) (6)

Draft angle: Surface normals are estimated from probabil-
ity gradients:

7 _ VScore i o vScavity
= —_ ity = T—m——————.
core ||VScore ” ) cavity ||vscavity ||

Surface weight wsu¢(v) = H(v)/log3 with entropy H(v) =
— > . 8clog s.. With draft direction d (Z-axis) and minimum
ang]e Hminy

)

€core — max(O, Ccos emin + ﬁcorc d)7 (8)
€cavity — IHaX(O, Ccos emin - ﬁcavity d)a (9)
qu wsurf(ecore + 6Cavity)

Zv Wsurf

Total loss: An auxiliary Dice loss Lg;c. (standard form from
[8]) is added:

‘Cdraft = ( 10)

Etotal = Cfocal + )\lﬁdicc + AQEmutual + )\SACdraft» (11)

with Ay = 0.5, A2 = 0.3, A3 = 0.2. This end-to-end train-
ing simultaneously optimizes geometric fidelity and process
compliance.

IV. EXPERIMENTS AND RESULTS ANALYSIS

To validate the proposed method, experiments are conducted
on a real injection mold dataset. Evaluations cover segmenta-
tion accuracy, training efficiency, constraint compliance, and
robustness.

A. Experimental Setup

Dataset: 350 real 3D-scanned mold point clouds, pre-
processed (denoising, normal correction, hole filling). Split:
training (244), validation (52), test (54). Class proportions:
background 99.8%, core 0.1%, cavity 0.1%.

Preprocessing: KNN densification (kK = 5, 2 new points
per original) increases target region density by ~ 10x (train-
ing only). Voxelized to 128%; each occupied voxel gets 5-
channel input (occupancy, mean normal, local density). Online
augmentation: random flips, [—10°, 4+10°] rotation, Gaussian
noise. No augmentation on validation/test.

Implementation: PyTorch, AdamW, initial Ir 1.99 x 10~*
(cosine annealing with 2-epoch linear warmup), batch size 8,
epochs 20. Loss: v = 2.0, initial o = [0.1, 10, 10], 7 = 0.05,
A = 0.1, total loss weights Ay = 0.5, A5 = 0.3, A3 = 0.2.
NVIDIA Tesla V100.

Baselines: Plan C (morphological dilation) baseline
avg. Dice=0.0791. Ablation variants: (1) KNN only; (2)
KNN+static FL; (3) KNN+dynamic FL; (4) full method.

B. Evaluation Metrics

Dice coefficient for core, cavity, and their average. Range
[0,1], higher is better. Training time and loss gap also
recorded.

C. Segmentation Accuracy Comparison

Table I shows test set results.

TABLE I
PERFORMANCE COMPARISON WITH BASELINE METHODS
Metric Baseline Ours Abs. Imp. | Rel. Imp.
Core Dice 0.0791 0.0989 +0.0198 +25.0%
Cavity Dice 0.0791 0.1995 +0.1204 +152.2%
Average Dice 0.0791 0.1436 +0.0645 +81.5%

The full method achieves avg. Dice 0.1436 (+81.5%).
Cavity Dice surges to 0.1995 (+152.2%) due to KNN den-
sification and dynamic FL focusing on the hardest class. Core
Dice also improves to 0.0989 (+25.0%). Fig. 2 shows cavity
Dice peaking early and stabilizing; core Dice remains steady,
indicating stable training.

Dice Score - Cavity Component
Stage 1: KNN Densification + Dynamic Focal Loss

Dice Score

~e— Train Dice (Cavity)
—&— Val Dice (Cavity)
~~~ Baseline (Plan C): 0.0791

25 50 75 10.0 125 15.0 175 200
Epoch

Fig. 2. Cavity Dice coefficient curve.

D. Ablation Study

Table II quantifies module contributions on validation set.

TABLE 1T
ABLATION EXPERIMENT RESULTS (AVERAGE DICE)
Configuration Avg. Dice

Baseline (w/o KNN, w/o FL) 0.0791

+ KNN Densification 0.1123

+ Static Focal Loss 0.1295

+ Dynamic Focal Loss 0.1398

+ Constraints (Full Method) 0.1436

KNN alone gives 0.1123 (+42.0%). Adding static FL raises
to 0.1295; dynamic FL further improves to 0.1398 (+8.0%
over static). Full method with constraints reaches 0.1436, also
enhancing engineering usability.

E. Training Efficiency and Convergence Analysis

Fig. 3 shows loss curves: training and validation converge
smoothly near 2.63 (gap < 0.01), no overfitting. Model peaks
at epoch 2, demonstrating fast convergence. Total training time
reduced by 21% vs. baseline.
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Training and Validation Loss
Stage 1: KNN Densification + Dynamic Focal Loss

—8— Train Loss.
#— Val Loss
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270 .
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Fig. 3. Training and validation loss curves.

Fig. 4 shows cosine annealing learning rate schedule: linear
warmup to 1.99 x 10, then cosine decay to 1.0 x 1076,

Initiak 1.090.04 -€arning Rate Schedule (CosineAnnealingLR)
age 1: KNN Densification + Dynamic Focal Loss

Final: 1.00e-06

Learning Rate

25 50 75 0.0 125 150 175 200
Epoch

Fig. 4. Cosine annealing learning rate scheduling curve.

V. CONCLUSION AND FUTURE WORK

This paper proposed a constraint-aware generation method
for injection mold core-cavity design, addressing extreme class
imbalance and process constraint satisfaction. By unifying
the problem as constrained 3D voxel generation, the method
employs KNN densification, dynamic Focal Loss, and dif-
ferentiable embedding of draft angle and mutual exclusivity
constraints. Experiments on real datasets show the method
improves average Dice from 0.0791 to 0.1436 (+81.5%),
with cavity Dice up 152.2% and core Dice up 25.0%, while
reducing training time by 21% and significantly lowering
constraint violations. Ablation studies confirm the synergy of
all components.

Future work includes integrating a Transformer-3D CNN
dual-stream architecture for better global semantics.
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