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Abstract: Aiming at the problems of insufficient accuracy in structure identification and low
efficiency in design optimization for smart furniture design, this paper proposes an integrated
method for structure identification and design optimization based on an improved residual
network. First, multi-source heterogeneous furniture datasets are constructed, and an improved
model integrating multi-scale structure perception and a spatial topology joint attention
mechanism is designed to achieve efficient representation and relationship modeling of
complex structural features. On this basis, the parametric structure representation and multi-
objective optimization framework are introduced, and the automatic generation and
optimization of design schemes are realized by combining the generative model. The
experimental results show that the accuracy of the proposed method in the structure recognition
task is 0.956, and the IoU is 0.903, which is about 3.1% higher than that of the benchmark
model on average; In terms of design optimization, the maximum structural displacement is
reduced by 39.7%, the material utilization rate is increased by 19.1%, and the design efficiency
is improved by about 45.2%. In addition, the number of model parameters is reduced by 26.2%,
and the reasoning time is reduced by 31.5%, which verifies the good balance between accuracy
and efficiency. The results show that this method can effectively improve the recognition ability
and design optimization performance of complex furniture structure, and provide a feasible and
efficient technical path for intelligent furniture design automation.
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1. INTRODUCTION

With the continuous promotion of intelligent manufacturing and industrial digital
transformation, furniture design is gradually evolving from the traditional experience driven
mode to the data-driven and intelligent decision-making mode [1],[2]. In this process, structural
identification, as an important link connecting design understanding and design optimization,
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has become the key foundation for the realization of automatic design. Compared with the
mechanical structure with clear rules, furniture products usually have diversified form
expression and complex connection methods, such as mortise and tenon structure, hidden
connectors and modular combination forms, which make the structural analysis task more
uncertain and complex [3],|4]. Therefore, how to extract furniture structure information
efficiently and accurately in the multi-source data environment and further support design
optimization and innovation generation has become an important research direction in the field
of intelligent furniture design.

In recent years, deep learning technology has made significant progress in the fields of
computer vision and industrial design [5],|6]. It shows strong feature learning ability in image
recognition, semantic segmentation and structure analysis. In industrial design scenarios, deep
neural networks are gradually applied to product appearance recognition, structure analysis and
design recommendation, providing new solutions to complex design problems [7],[8]. However,
most of the existing methods focus on the extraction and classification of two-dimensional
visual features, and the semantic understanding of the structure level is still relatively
insufficient, especially when it involves the connection relationship of multiple components
and the expression of spatial topology, it is often difficult to achieve accurate modeling. In
addition, traditional methods usually regard structural identification and design optimization as
independent processes, lacking a unified modeling framework, which limits further
improvement in the level of design automation [9],[10],[11].

Among many deep learning models, residual network (ResNet) has become an important
basic model in the field of visual recognition because of its stability and efficiency in deep
feature extraction. By introducing residual connection, it effectively alleviates the gradient
disappearance problem in deep network training, and enables the model to learn more rich
semantic features [12],[13],]14].task of furniture structure recognition, ResNet also has good
baseline performance and can extract multi-level visual information. However, because its
convolution structure mainly depends on local receptive fields and lacks the ability to explicitly
model the global structure relationship, it still has some limitations in the face of complex
connected structures and multi-scale features [15]. At the same time, the standard ResNet does
not specifically optimize the Structural Semantics in industrial design, so it is difficult to fully
capture the topological relationships and functional associations between components, which
restricts its application effectiveness in structure-driven design tasks to a certain extent.

To solve the above problems, this paper focuses on the core idea of “structure identification
driven design optimization”, and proposes a method of intelligent furniture product structure
identification and design optimization based on improved ResNet. By introducing multi-scale
feature modeling and structure relationship enhancement mechanism into the network structure,
high-precision recognition of complex furniture structure is realized; At the same time,
combined with the structural parametric expression and multi-objective optimization strategy,
the identification results are directly mapped to the design space to realize the automatic
optimization of design performance|[16],[17],[18]. In addition, this paper further integrates the
generative model to build a closed-loop framework from structural understanding to design
generation, so as to support the automatic generation and innovative exploration of design
schemes. The overall technical route is based on deep feature extraction, with structural
relationship modeling as the core and optimization and generation mechanism as the extension,
forming a complete and feasible intelligent design method system, which provides a new
solution for furniture design automation.

2. DATASET CONSTRUCTION AND PREPROCESSING

In this study, the data set construction is based on multi-source heterogeneous data, and
integrates CAD model, physical image and structural decomposition diagram to improve the
generalization ability of the model for complex furniture structure [19],|20]. Firstly, the
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parametric CAD model is obtained from the open source industrial design library and the
enterprise internal database, and its geometric information and topological relationship are
extracted to form a three-dimensional structure data set, which is recorded as D3p, = {M;},,
where M; represents the three-dimensional model of the ith furniture item. At the same time,
real furniture images are collected by industrial cameras to form a two-dimensional image set
D,p = {I;}I_,, supplemented by exploded views to enhance the ability of structural expression.
In addition, the CAD model is projected into multi view images by the rendering engine to
realize the cross-modal data supplement, so as to build a unified multi-source data space D =
D3zp UD,p UDg, where Dy represents the exploded-view image data set.

In the aspect of data annotation, in order to achieve fine structure recognition, this paper
constructs a two-tier annotation system, including structure component level labels and
connection relationship labels [21],[22]. For component level annotation, each furniture is
decomposed into several structural units, and the label set is defined as C = {c,, ¢y, ..., Ck},
where ¢, represents the class k structural components (such as support legs, connectors,
panels, etc.). For the connection relationship, we define the structure graph G = (V, E), where
the node set V = {v;} corresponds to the components, and the edge set E = {e;;} represents
the connection relationship between components. The connection relationship can be
formalized as an adjacency matrix A € REK*K where the element A4; ; = 1 indicates that there
is a connection between component i and j, otherwise it is 0. The connection type function
¢(e;j) € {1,..., T} is further introduced to distinguish different connection modes (such as bolt
connection, mortise and tenon structure, etc.), so as to realize the fine expression of Structural
Semantics.

In order to improve the robustness and generalization ability of the model, this paper
designs two kinds of differentiated data enhancement strategies: structure preserving
enhancement and geometric disturbance enhancement. Structure preserving enhancement is
mainly aimed at the changes of illumination, color and background at the image level, keeping
the structure semantics unchanged [23],(24],|25]. Its transformation function can be expressed
as:

I' = 75(1; 65) (1)

Where [ is the original image, I’ is the enhanced image, T is the structure preserving
transformation (such as brightness adjustment, color jitter, etc.), 6, is the corresponding
parameter. The geometric disturbance enhancement simulates the change of viewing angle and
structural deformation in the actual shooting, in the form of [26]:

1" =7,(1;6,) (2

Where Tjincludes rotation, scaling, perspective transformation and other operations, 6is

the geometric transformation parameter. At the same time, in order to ensure the structural
consistency, the structural constraint function is introduced:

Ltruce =N fU) — fU") "% 3)

Where f(:) represents the structure feature extraction function, and this constraint is used
to limit the consistency of the structure expression before and after enhancement.

In the aspect of multi-modal data alignment, this paper establishes the mapping
relationship between two-dimensional images and three-dimensional structures to achieve cross
modal feature fusion [27],]28]. Specifically, given the 3D model point set P = {p; € R3}, itis
mapped to the 2D image plane through the camera projection model:

x=K[RIt]p (4)

Where p is the homogeneous coordinate of the three-dimensional point, x is the
corresponding two-dimensional pixel coordinate, K is the camera internal parameter matrix,
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and R and t represent the rotation matrix and translation vector respectively. Based on this
mapping relationship, a cross-modal consistency loss function is constructed:

Latign = ) N2p () = $ap (@) 13 (5)

Where ¥, and Y3p represent 2D and 3D feature coding functions respectively, and the
loss is used to constrain the consistent expression of structural features under different modes.

In terms of data set division and experimental benchmark setting, the overall data set is
divided into training set, verification set and test set, which are respectively expressed as
Dirain» Dvai» Drest » meeting the ratio of 7:2:1. To avoid the deviation caused by uneven
distribution of categories, category balance weight is introduced:

1

- log (1 + ny) ®)

Wk

Where ny, is the number of samples of class k, and wy, is the corresponding weight. In

the experimental benchmark design, the structural identification performance index is defined
as weighted accuracy:

N
1
Acc = 53wy, 10 = ) ™
i=1

Where N is the total number of samples, y; and J; represent the real label and the
predicted label respectively, and I(:) is the indicator function. In addition, in order to evaluate
the effect of structural relationship prediction, the graph matching score is introduced to
quantify the consistency between the predicted structure diagram and the real structure diagram,
so as to build a complete and reproducible experimental evaluation system.

3. IMPROVED RESNET-BASED STRUCTURAL RECOGNITION MODEL

In the design of structure identification model, the classic ResNet architecture is used as
the basic framework, and its core is to realize the stable training of deep network through
residual mapping [29],|30],[31]. The standard residual unit can be expressed as:

y=FxW) +x (8)

Where x is the input characteristic, y is the output characteristic, F(-) is the residual
function (usually composed of convolution, normalization and activation), and W is the
learnable parameter. Although this structure performs well in general vision tasks, it has obvious
shortcomings in furniture structure recognition: on the one hand, complex structures (such as
tenon joint connection and nested components) have multi-scale and non-rigid characteristics,
and single scale convolution is difficult to fully express; On the other hand, the standard
convolution operation is limited to the local receptive field, which is difficult to capture the
global topological relationship between components, resulting in insufficient understanding of
Structural Semantics.

To solve these problems, this paper proposes a multi-scale structure sensing residual
module (MS-ResBlock), which enhances the ability of feature expression through parallel multi
branch convolution. The module sends the input characteristic x into convolution branches of
different receptive fields, and its output can be expressed as:

fr = G(Convk(x)),k € {12, ..,K} 9

Where Conv; represents the k th convolution branch (corresponding to different
convolution kernel sizes or expansion rates), o(-) is a nonlinear activation function. Multi
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scale feature fusion adopts weighted strategy:

K
F = Z ay £ (10)

k=1

Where ), is a learnable weight parameter, which satisfies Y, @y = 1. The attention
fusion mechanism is further introduced through the channel attention function:

. A CI0D))
© X e (g ()

Realize dynamic weight allocation, where g(-) represents the global feature compression
function (such as global average pooling + full connection layer). This module significantly
improves the recognition ability of the model for complex connection structures and fine-
grained components.

(11)

On this basis, a space topology joint attention mechanism (ST-Attention) is constructed to
simultaneously model the relationship between spatial saliency and structure. Spatial attention
by generating weight graph:

M = (f(Conv([Angool(F),MaxPool(F)])) (12)

Where M € [0,1]%*" is used to highlight key structural areas. Topological attention is
introduced by the structural adjacency matrix A, and its propagation process is defined as:

H' = ¢(AHW,) (13)

Where H is the node characteristic matrix, and W, is the weight of topology
transformation. The final joint attention output is:

F'=M, OF +AH’ (14)

Where (O represents element by element multiplication, A is the balance coefficient,
which realizes the collaborative modeling of the relationship between spatial information and
structure, and adaptively learns the attention weight through back propagation.

In order to further strengthen the ability of structure expression, this paper introduces the
structure graph embedding module, maps the convolution feature to the graph structure
representation, and uses Graph Convolutional Network for relational modeling. Specifically,
the key region in the feature graph is mapped to the node set V, and the graph G = (V,E) is
constructed, whose node feature is h;. The propagation rule of the volume is:

1
htD = s — WOp® (15)
Cij

JEN (D)
Where N (i) is the neighborhood of node i, ¢;; is the normalization coefficient, and

W® s the weight matrix of the Ist layer. Graph feature and CNN feature through fusion
function:

Z =y - Pool(H) + (1 — y) - Flatten(F") (16)

Integration, where y is the fusion coefficient, so as to achieve the unified expression of
local texture and global structure.

At the model deployment level, in order to meet the requirements of industrial applications
for real-time and resource efficiency, further lightweight and reasoning optimization are carried
out. Firstly, the importance of convolution kernel is evaluated by using structured pruning
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method, and its weight sparse objective function is:
Lprune = Ligsk + IBZ I W; 1l 17)
i

Where L;,q isthe loss of the original task, and S 1is the sparse regularization coefficient.
Secondly, by replacing the standard convolution with the deep separable convolution, the
computational complexity is reduced from O (K2C;;,Cpyt) to O(K2Cip + CinCout), Where K
is the convolution kernel size, and C;,, and C,,; arethe number of input and output channels,
respectively. Finally, TensorRT and ONNX are combined to realize model graph optimization
and operator fusion, which can significantly improve the reasoning speed and reduce the delay,
so that the model has the ability of practical engineering deployment.

4. DESIGN OPTIMIZATION AND GENERATION FRAMEWORK

After the completion of structural identification, the discrete visual and structural
information needs to be transformed into a computable and optimized parameter expression.
Based on the identified component set and connection relationships, this paper constructs a
structural parametric representation vector [32],[33],[34]. For the ith structural component, its
parameters can be expressed as:

pi = [l wi, hy, 05, 74] (18)

Where [;,w;, h; respectively represent the length, width and height of the component, 8;
represents its spatial attitude angle (such as Euler angle or rotation angle), and t; represents
the connection type code (such as mortise and tenon, bolt and other discrete variables). The
overall furniture structure can be expressed as the parameter set P = {p;}}_;. On this basis,
the continuous discrete mixed parameter space Q. € R% X Z™ m is constructed, where d is
the continuous parameter dimension and m is the discrete variable dimension. In order to
facilitate the optimization calculation, the embedded mapping function ¢(z;) € R¥ isused for
discrete variables, which is transformed into continuous space expression, so as to form a
unified parameter vector p;.

In the design optimization stage, this paper constructs a multi-objective optimization
model to comprehensively consider the structural performance and design requirements. The
objective function is defined as:

min  F(P) = [1(P), 2(P), f3(P), fu(P)] (19)

Where, f; represents structural stability (such as minimization of stress or displacement),
f> represents manufacturing cost, f; represents aesthetics (measured by morphological
consistency or symmetry), and f, represents manufacturability (such as processing
complexity). For example, the stability objective can be formalized as:

N
= i3 (20)
i=1

Where u; is the displacement vector of component i under load. Constraints include
structural constraints and material constraints, which are uniformly expressed as:

g(P)<0,j=1,.,] (21)

Where g; can represent strength limit, connection rationality or upper limit of material
use. In order to solve the multi-objective problem efficiently, the improved NSGA-II algorithm
is introduced, and the adaptive crossover probability and congestion distance correction
strategy are introduced to improve the Pareto front distribution uniformity. The individual
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update rule is:

Pyy = S(C(P)) (22)

Where P; is the population of generation t, C is the crossover mutation operator, and §
is the non dominated sorting selection function.

In the generative design module, this paper combines the discriminant and generative
model to realize the structural innovative design. The improved ResNet is used as the encoder
to extract the structural feature z and input it into the generation model (such as the Generative
Adverse Network or diffusion model) to generate a new design scheme. The generation process
can be expressed as:

P =G(zn) (23)
Where G(-) is the generator and n ~ NV (0,) is random noise. Discriminator D(+) is
used to distinguish between real and generated structures, and its optimization objective is:

min max Ep_p,,, [logD(P)] + E5 [log (1 - D(Sﬁ))] (24)

In order to improve the exploration ability of design space, the potential space disturbance
strategy is introduced:

7' =z+¢€e~N(0,0%]) (25)

So as to generate diversified design candidates. At the same time, by introducing
interpretability constraint loss:

Loxp =1 P(P) —¥(@) Il (26)

Where W(-) represents the structural semantic mapping function, so that the generated
results are consistent in function and structural logic.

In terms of man-machine collaborative optimization, this paper constructs an interactive
feedback mechanism to introduce user preferences into the optimization process. Let the user
preference vector be u € RY, and embed it into the objective function weight through the
mapping function:

w = Softmax(W;,u) (27)

Where W, is the learning parameter matrix and w is the weight of each objective. The
weighted optimization objective is expressed as:

4
mji)n Z wi fx(P) (28)
k=1

At the same time, the feedback update mechanism is introduced in the iteration process:
Urpy = Up + (e — F) (29)

Where r; is the actual feedback score of users, ; is the model prediction score, and 7,
is the learning rate. This mechanism realizes the dynamic adjustment of the design optimization
process, makes the generated results more in line with the user's aesthetic and actual needs, and
forms a closed-loop design system of “identification optimization generation feedback”.

5. EXPERIMENTS AND RESULTS

In terms of experimental setup, this paper completed all experiments on a set of standard
deep learning training platform, using two-way GPU (NVIDIA RTX 4090, 24GB video
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memory) and Intel Xeon processor, and the software environment is based on PyTorch and
CUDA 12.2. The comparison model selects three representative mainstream structures,
including ResNet50, EfficientNet and vision transformer, to comprehensively evaluate the
performance advantages of the proposed method. The evaluation index system covers two
levels: structural identification and design optimization, in which the classification accuracy is
defined as:

N
1
Acc =3 1(9 = ) (30)
i=1

Where N is the number of samples, ¥; and y; represent the predicted label and the real
label respectively; The intersection over union (IoU) is defined as:

1By N By |

IoU =
| B, U By |

(31)
Where B, is the predicted region and By, is the real region; Structure identification F1-
score is defined as:
2PR

Fl=—— 2
P+R (32)

Where P and R represent the accuracy rate and recall rate respectively. In addition,
comprehensive performance indicators are introduced at the design optimization level:

S = aSstap + BScost T VSaesthetic (33)

Where Sgiap, Scost and Sgestnetic are stability, cost and aesthetics scores respectively,
and a, [,y are weight coefficients.

In the evaluation of structural identification performance, the comparison results of
different models are shown in Figure 1. It can be observed that the method in this paper
achieves the best performance in all indicators.
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Figure 1. Model performance comparison

As can be seen from Figure 1, the accuracy of the improved model has increased by about

155
Liu, ISTAER. 2619..25 Apr 2026 https://doi.org/10.71451/ISTAER2619



https://doi.org/10.71451/ISTAER2619

2.5% and about 3.2% on IoU, indicating that multi-scale structure modeling and topology
information fusion have significantly enhanced the ability of structure recognition. The
effectiveness of each module was further verified by ablation experiments. After removing MS-
ResBlock or ST-Attention, the performance decreased by about 1.8% and 2.3% respectively,
indicating the key role of both in the expression of complex structures. In the small sample
experiment (training data reduced to 30%), the accuracy of the model still maintained above
0.91, reflecting the strong advantage of data efficiency.

In the verification of design optimization effect, this paper quantitatively evaluates the
design improvement effect by comparing the structural performance changes before and after
optimization. The stability index adopts the maximum displacement norm:

Unax = m?x g Nl (34)

Material utilization is defined as:

V .
n= ef fective (35)

Vtotal
Where Verfective 1S the effective bearing material volume, and Viyq; is the total
material volume. The experimental results are shown in Table 1:

Table 1. Structural optimization performance comparison among different methods

Method Maximum displacement (mm) Material utilization Cost reduction rate
Original design 5.42 0.68 —

Traditional optimization 4.31 0.74 8.2%

Method in this paper 3.27 0.81 15.6%

The results show that the proposed method has significant advantages in stability
improvement (about 40% displacement reduction) and material utilization optimization, and is
superior to the traditional method in cost control. Further analysis of the Pareto front
distribution shows that the solution set generated by this method is more evenly distributed in
the multi-objective space, indicating that improving the optimization strategy can improve the
diversity and quality of solutions.

In the generalization ability and robustness test, three typical scenarios of tables and chairs,
cabinets and composite furniture are selected for evaluation. The experimental results show that
the accuracy of the model in different categories remains above 0.94. After adding Gaussian
noise and random occlusion (occlusion ratio is 30%), the performance degradation of the model
is controlled within 3%. Its robustness can be measured by the following stability indicators:

R=1— | ACCclean - Accnoise | (36)
Accclean

Where AccCipqn and Accpyise represent the accuracy under the condition of no noise
and noise respectively, and R = 0.967 in the experiment, indicating that the model has good
anti-interference ability.

In the calculation efficiency and engineering feasibility analysis, the model complexity and
reasoning speed are further evaluated. The model parameters are recorded as:

L
Params = Z Cim - cP™ - K (37)
=1
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Where L is the number of layers, C/*, CP*t are the number of input and output channels
respectively, and K; is the convolution kernel size. The experimental results are shown in

Figure 2:
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Figure 2. Model efficiency comparison

It can be seen that after the introduction of structural optimization and lightweight strategy,
the number of model parameters is reduced by about 26%, and the reasoning speed is improved
by about 30%. In the actual industrial design process testing, the overall time from structural
identification to design optimization is reduced from 45 seconds to 21 seconds, which
significantly improves the design efficiency.

To sum up, the experimental results verify the effectiveness and practical value of this
method from the aspects of recognition performance, design optimization effect, generalization
ability and computational efficiency, indicating that it has a good application prospect in the
field of intelligent furniture design automation.

6. SYSTEM IMPLEMENTATION AND APPLICATION VERIFICATION

At the system implementation level, this paper constructs a set of intelligent furniture
structure identification and design optimization integrated system for industrial design process,
and its overall architecture adopts the hierarchical design paradigm of “data layer - model layer
- decision layer - application layer”. The input of the system is multi-source furniture data. The
structural feature F is extracted through the improved ResNet model, and mapped to the
parameter space representation P through the structural analytic function. Then it enters the
optimization and generation module, and finally outputs the optimal design scheme P. The
whole mapping process of the system can be formally expressed as:

P =6 (0(RD)) (38)

Where [ is the input image or model data, R(-) is the structure recognition function,
O(+) is the multi-objective optimization module, and G(:) is the generative design module.
Each module of the system interacts with each other through a unified interface to ensure the
structural consistency of the identification results and the iteration of the optimization process.
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The structural parameters output by the identification module are not only directly used
for optimization, but also used as the conditional input of the generation module to realize the
closed-loop mechanism of “identification driven generation”. To quantify the effect of module
integration, the overall performance index of the system is defined as:

T
(Ssys = /11ACC + Azn + /13 <1 - > (39)
Tref

Where Acc is the accuracy of structure identification, 7 is the material utilization, T is
the system response time, Ty.r is the reference time, and 4; is the weight coefficient. The
experimental results show that the system performance is improved by about 22.4% compared
with that of a single module, indicating that there is a significant synergy gain between the
modules.

In the actual case study, typical furniture products (such as modular desks) are selected for
optimization verification. The initial design parameter is expressed as P, and the optimized
design is P*. The improvement effect is evaluated by the comprehensive performance function:

AS = S(P*) = S(Py) (40)

Where S(-) is a multi-objective weighting function. The experimental results are shown
in Table 2:

Table 2. Quantitative evaluation of design improvement before and after optimization

Index Original design Optimal design Lifting range
Maximum stress (MPa) 325 24.1 125.8%
Material utilization 0.69 0.83 120.3%
Structure weight (kg) 18.2 15.6 114.3%
Design score (user) 72 8.6 119.4%

It can be seen from Table 2 that the optimized design has significantly improved the
structural performance and user experience. Further analysis shows that the optimization
mainly comes from the adjustment of the connection structure and the reduction of redundant
materials, and its essence can be expressed as the contraction of the solution space of the
constrained optimization problem:

O={Peq|g(P)<¢} (41)
Where ¢; is the constraint tightening parameter.

In the industrial application verification, the system is deployed in the actual furniture
design enterprise process, and 10 designers are tested for two weeks. Define the design
efficiency improvement rate as:

E = Tmanual - TAI (42)

Tmanual

Where Tyanuar 1S the traditional design time and Ty; is the system aided design time.
The experimental statistical results are shown in Table 3 below:
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Table 3. Industrial application performance comparison between traditional and ai-
assisted design

Design methods Average time (min) Success rate User satisfaction
Traditional design 52.4 82% 7.1
Al aided design 28.7 93% 8.5

The results show that the design efficiency is improved by about 45.2%, the success rate
is improved by 11%, and the user satisfaction is significantly improved. User feedback shows
that the system has obvious advantages in structural rationality suggestions and design
inspiration generation, but it still needs manual fine-tuning under extreme personalized design
needs.

In general, this system not only realizes the automation of structure identification and
design optimization in practical application, but also significantly improves the design
efficiency and product performance through module collaboration, which verifies its feasibility
and application value in the design of intelligent furniture industry.

7. DISCUSSION

In the aspect of complex structure recognition, the improved model presented in this paper
shows strong adaptability in dealing with furniture structures with high non-linear connection
and multi-scale characteristics. Especially in complex scenes such as mortise and tenon
structures, nested connectors and multi-layer composite components, the model can effectively
distinguish fine-grained structural units and maintain high recognition stability. This is mainly
due to the synergy of multi-scale feature extraction and topological relationship modeling, so
that the model can not only capture local geometric details, but also understand the overall
structure layout. From the experimental results, under the conditions of complex occlusion,
multi-view changes, and low-resolution input, the performance of the model decreases slightly,
indicating that it is robust in the real industrial environment. However, in extremely complex
structures (such as highly customized or artistic furniture), there are still some identification
errors, indicating that the model still has room for further improvement in the face of highly
non-standard structures.

In terms of the interpretability of the design optimization results, this method makes the
design improvement path traceable through the parametric expression of the structure and the
explicit modeling of the optimization process. The optimization results are not only reflected in
the improvement of performance indicators, but also reflect the specific structure adjustment
logic through parameter changes, such as connection position optimization, material
distribution reconstruction and size proportion adjustment. This change in parameter levels
allows designers to intuitively understand the source of optimization results. In addition,
through the combination of generation module and optimization module, the model can
maintain structural semantic consistency when generating new design schemes, thereby
avoiding the “black box” design problem. However, due to the randomness of the generation
model itself, it may still produce design schemes that do not conform to engineering intuition
in some cases, which puts forward higher requirements for interpretability and provides
improvement direction for subsequent research.

Although this method has achieved good experimental results in many aspects, it still has
some limitations. First of all, the model has a strong dependence on high-quality annotation
data, especially in the aspect of structural relationship annotation, the cost of data acquisition is
high, which limits the promotion of the method in larger scenes. Secondly, although the
introduction of multi module fusion structure (such as multi-scale convolution, attention
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mechanism and graph structure modeling) improves the performance, it also increases the
complexity of the model to a certain extent, and puts forward higher requirements for
computing resources. In the actual deployment process, although it is optimized through the
lightweight strategy, there may still be performance bottlenecks on resource constrained devices.
In addition, in terms of cross domain generalization, the model performs well in the field of
furniture, but directly migrating to other structural design fields (such as architectural or
mechanical design) still needs to re adapt the data and structural features.

Compared with the existing methods, the advantages of this paper are mainly reflected in
the depth of structural modeling and the ability of closed-loop design. Traditional methods
mostly focus on image recognition or a single optimization process, lacking a complete link
from structure recognition to design generation. However, this method realizes the systematic
integration from structure perception, parameter expression, multi-objective optimization to
design generation. In addition, by introducing topology modeling and multimodal fusion
mechanism, the model is superior to the traditional deep learning method which only depends
on two-dimensional features in the understanding of complex structures. At the same time, at
the engineering application level, this method not only pays attention to the accuracy of the
model, but also takes into account the calculation efficiency and actual deployment
requirements, making it more valuable for industrial application. In general, this method
provides an innovative and practical solution in the field of intelligent furniture design
automation, but it still needs continuous optimization in data expansion, model lightweight and
cross domain adaptability.

8. CONCLUSION

Focusing on the key technical issues of smart furniture products in structure identification
and design optimization, this paper constructs a complete method system with improved ResNet
as the core, and realizes the closed-loop process from structure perception to design generation.
At the method level, by introducing the multi-scale structure perception mechanism and the
space topology joint modeling strategy, it effectively makes up for the shortcomings of the
traditional convolutional network in complex structure expression and relationship modeling,
so that the model can take into account both local geometric details and global structural
semantics. In addition, combined with the structural drawing embedding and generative design
framework, this paper further opens up the technical link of “identification parameterization
optimization generation”, so that the structural identification results can directly inform design
decisions and scheme generation, so as to significantly improve the intelligent level and
engineering practical value of the overall system.

The experimental results show that the proposed method has obvious advantages in
structural identification accuracy, multi-objective optimization performance and system
operation efficiency. In many comparison models, the method in this paper has taken the lead
in accuracy, loU, Fl-score and other indicators, while maintaining good stability in complex
structure scenes, small sample conditions and noise interference environment. At the design
optimization level, through the synergy of multi-objective optimization and generation
mechanism, the structural performance and material utilization rate are significantly improved,
and the design cost and calculation time are effectively reduced. The system level verification
results further show that the method can significantly improve the design efficiency and user
satisfaction in the actual industrial design process, and has good application prospects and
promotion value.

From the perspective of industry significance, this study provides a new paradigm of data-
driven and model driven for smart furniture design. Compared with the traditional design
method based on experience and manual iteration, this method can significantly shorten the
development cycle while ensuring the design quality, and provide technical support for the
automatic design of complex structure products. At the same time, the research also provides a
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feasible path for the application of deep learning technology in the field of industrial design,
and has positive significance for promoting the development of furniture manufacturing in the
direction of intelligence and digitization.

Although some progress has been made, there is still room for further expansion and
deepening in this paper. In future research, we can consider the introduction of 3D point cloud
and multi view data fusion technology to improve the model's ability to express the real spatial
structure, so as to further enhance the recognition accuracy and robustness in complex scenes.
At the same time, in terms of model structure, we can explore more efficient lightweight
network design strategies to reduce the computational overhead under the premise of ensuring
performance, so as to meet the needs of edge devices and real-time applications. In addition,
the method in this paper is currently mainly oriented to the field of furniture, and can be
extended to a wider range of scenarios such as architectural design and industrial product design
in the future to realize cross domain design migration and knowledge sharing. At the human-
computer interaction level, combining AR/VR and other immersive technologies to build a
design visualization platform will also provide users with a more intuitive and efficient design
experience, so as to further improve the practicability and interactivity of the system.
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