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Abstract: To address the limitations of existing 3D human body reconstruction methods in terms of 
insufficient precision and coarse detail construction, this paper proposes an optimized solution integrating 
temporal information, human behavior recognition, and multi-module collaboration. The algorithm centers 
on pixel-aligned hidden functions to establish a full-process reconstruction framework encompassing 
"temporal constraints-behavioral guidance-feature selection-attitude optimization-3D mapping-detail 
enhancement". By employing the SAD algorithm for optimal matching point selection and LSTM for 
temporal dependency capture, the algorithm achieves cross-frame feature coordination. Subsequently, the 
CNN-LSTM model performs human behavior recognition, using behavioral categories to guide SMPL 
model's attitude parameter prior and attitude discriminator constraints. Posture normalization eliminates 
individual variations, while the integration of SMPL model and PIFuHD hidden function enables structured 
3D mapping. Finally, octree acceleration grids are utilized to output high-precision 3D human models. 
Experimental results demonstrate that the proposed algorithm outperforms traditional and literature methods, 
achieving stable human detail construction in both static standing scenarios and dynamic running scenes. 

Keywords: 3D human body modeling; PIFuHD; Human behavior recognition; SMPL

1 Introduction
With the rapid development of virtual reality and human-computer interaction, 3D human body 

reconstruction technology has become a core method for acquiring spatial information of the human 
body, with its application scenarios and demands continuously expanding [1-6]. From static image 
reconstruction to dynamic video sequence reconstruction, researchers are constantly exploring more 
precise and efficient technical approaches. Existing studies have achieved certain progress in static 3D 
human pose estimation tasks through architectures such as Hourglass-GCN and dual-stream networks, 
which integrate skeletal structures and multi-scale features. However, in dynamic scenarios, the 
temporal correlation of human movements and the diversity of behavioral patterns impose higher 
requirements on the coherence and consistency of reconstruction results. Current methods still struggle 
to dynamically balance the contribution of multi-dimensional features to the expression of dynamic 
details, while their high computational complexity limits real-time deployment [6-12]. 

In terms of dynamic 3D human body reconstruction, existing algorithms still face the following 
problems [13-17]:

(1) Most models lack effective modeling of cross frame temporal dependencies, resulting in issues 
such as pose jumps and motion discontinuities during dynamic sequence reconstruction, which cannot 
meet the core requirements of reconstruction consistency in dynamic scenes.
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(2) The system lacks adaptability to human behavior categories and cannot transform behavioral 
characteristics into targeted posture constraints. This leads to significant differences in reconstruction 
accuracy under different motion states.

To address Problem 1, this paper proposes to introduce LSTM networks to capture cross-frame 
temporal features [18-23], and combines the behavioral recognition results to construct an optimization 
mechanism, thereby enhancing the modeling of temporal correlations in dynamic sequences.

For the second problem, the behavior categories are transformed into the SMPL model's pose 
parameter prior and the constraint weights of the pose discriminator. Meanwhile, a multi-dimensional 
dynamic feature fusion strategy is proposed to dynamically adjust the feature weights based on intra-
class consistency and temporal coherence.

Based on the above analysis, this paper proposes a 3D human body reconstruction method that 
integrates temporal dependence and behavior guidance. The approach incorporates temporal 
dependence modeling, behavior-guided constraints, and dynamic feature fusion mechanisms into 
dynamic scene reconstruction tasks, while embedding a closed-loop optimization mechanism of 
"reconstruction-temporal-behavior". Compared to traditional algorithms, the LSTM network can 
precisely extract cross-frame temporal correlation features, effectively mitigating pose transition issues. 
The CNN-LSTM human behavior recognition module learns based on behavioral characteristics, 
dynamically adjusting pose constraint intensity and discriminator weights to adapt to different behaviors. 
The multi-dimensional dynamic feature fusion strategy integrates multi-scale, contour-color, and 
temporal features, enhancing the latent function's ability to express dynamic details.

The contribution of this paper is mainly reflected in the following aspects:
(1) Establish an optimization mechanism that captures cross-frame temporal features via LSTM 

networks, dynamically adjusts posture constraint intensity based on behavioral recognition results, and 
significantly improves the coherence of dynamic sequence reconstruction while reducing computational 
load.

(2) Design a human behavior recognition module to convert behavior categories into SMPL 
model's pose parameter prior and pose discriminator constraint weights, which improves the accuracy 
of pose reconstruction and enhances the model's adaptability to different behaviors.

(3) The multi-dimensional feature fusion strategy is proposed to integrate multi-scale features, 
contour, color features and time series features, and the feature weights are dynamically adjusted based 
on intra-class consistency and time series coherence to enhance the expression ability of hidden function 
to dynamic details.

(4) The closed-loop optimization system is established by defining the temporal consistency loss 
and behavior-guided loss functions, ensuring the continuity of dynamic sequence reconstruction and 
behavioral consistency.

Based on the above-mentioned time-dependent modeling method and behavior-guided constraint 
mechanism, this paper constructs a 3D human body reconstruction algorithm that integrates time-
dependent and behavior-guided approaches. Experimental results in real-world scenarios demonstrate 
that the proposed algorithm achieves superior reconstruction accuracy compared to traditional 
algorithms and those described in the literature.

2 Related Work
2.1 Research on Static 3D Human Body Reconstruction Technology

As the technical cornerstone of dynamic reconstruction, static 3D human body reconstruction aims 
to accurately restore three-dimensional structures and pose information from single or multiple frames. 
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Currently, it primarily forms two major technical systems: parametric modeling and non-parametric 
modeling.

Parametric modeling methods, which describe human body shapes and postures through low-
dimensional parameter spaces, have become the mainstream technical framework in the field due to 
their strong controllability and high data compression ratio. Non-parametric modeling methods, on the 
other hand, focus on accurately reconstructing complex geometric details of the human body, primarily 
including techniques such as implicit function modeling, neural radiance field, and 3D Gaussian 
splashing. The skeletal-aware implicit function model proposed by Pengpeng et al. [27] significantly 
optimized the spatial mapping logic of implicit functions by introducing skeletal structure prior 
knowledge, enhancing geometric consistency in single-view human reconstruction. However, its core 
still focuses on static scenes, failing to consider temporal feature transfer and correlation modeling, 
making it difficult to directly adapt to dynamic sequence reconstruction needs. Lu et al. explicitly 
pointed out in their review that recent research in 3D human reconstruction has shifted from early-stage 
pursuit of static reconstruction accuracy to collaborative optimization of dynamic coherence, complex 
scene adaptability, and algorithmic efficiency [26]. Yet, the lack of temporal dimension considerations 
still makes it challenging to meet practical application demands in dynamic scenarios. Many researchers 
have conducted in-depth studies, but most lack the ability to model temporal dimension information, 
failing to address the continuity requirements of human motion in dynamic scenes. Moreover, their 
feature fusion strategies are mostly designed for single-frame data, making it difficult to adapt to the 
dynamic feature expression needs of multi-frame sequences.
2.2 Temporal-Dependent Modeling for Dynamic 3D Human Body Reconstruction

The core technical challenge in dynamic 3D human body reconstruction lies in accurately 
capturing cross-frame temporal correlations to ensure the coherence and consistency of motion 
sequence reconstruction. Current research primarily addresses this issue through two approaches: 
designing temporal network architectures and optimizing regularization constraints.
In the design of temporal network architectures, recurrent neural networks and their variants have been 
the mainstream technology for early dynamic modeling. LSTM networks effectively mitigate the 
gradient vanishing problem through gating mechanisms, enabling precise capture of long-term sequence 
dependencies. While widely applied in dynamic pose estimation tasks, their serial computation 
characteristics result in high computational complexity, severely limiting real-time deployment 
capabilities. In recent years, Transformer architectures have gained attention for their global modeling 
capabilities through self-attention mechanisms. The HSMR method employs ViT as its backbone 
network to achieve end-to-end regression from single-frame images to biomechanical skeleton models. 
However, its temporal modeling relies on frame-interpolation strategies, failing to directly model cross-
frame correlation features, which often leads to interpolation artifacts in fast-moving scenarios. To 
address the prevalent motion blur issue in dynamic scenes, Jing et al. proposed a deep learning-based 
3D reconstruction method for motion-blurred images [28], improving reconstruction data quality 
through image deblurring preprocessing. Nevertheless, this approach did not optimize cross-frame 
dependency capture mechanisms from the perspective of temporal modeling itself, still exhibiting pose 
transition issues under rapid motion.

While widely applied in dynamic pose estimation tasks, their serial computation characteristics 
result in high computational complexity, severely limiting real-time deployment capabilities. 

2.3 Research on Behavioral Feature Fusion and Posture Constraints
The diversity of human behavior categories imposes higher requirements on the adaptability of 3D 

human reconstruction results. Existing research primarily enhances the model's adaptability to different 
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motion states through two approaches: the fusion of behavior recognition and reconstruction, and the 
design of pose constraint mechanisms.

In the field of behavior recognition and reconstruction fusion, early approaches predominantly 
employed a two-stage architecture of "recognize first, reconstruct later". This involved using networks 
like CNN-LSTM to classify behaviors, then feeding the classification results as fixed weights into the 
reconstruction model. For instance, Xuhong et al. integrated human pose estimation with behavior 
analysis techniques for construction worker activity monitoring [24]. By extracting human pose features, 
they achieved construction behavior classification and safety risk alerts. However, such methods lacked 
a direct mapping between behavioral features and pose parameters, making it difficult to implement 
fine-grained pose constraints.

In the design of pose constraint mechanisms, prior constraints of parametric models serve as the 
core technical approach. Some studies enhance adaptability by optimizing the initialization strategy of 
SMPL model pose parameters. For instance, Hanif et al. proposed a deep learning fusion framework 
for gait recognition tasks [25], which improves biometric recognition accuracy by integrating skeletal 
and appearance features. However, their feature fusion employs a fixed weight allocation mechanism, 
unable to dynamically adjust the contribution of each feature according to gait complexity. This further 
highlights the limitations of existing methods in behavioral adaptability.

The existing methods cannot effectively combine behavioral semantics with pose modeling, 
resulting in insufficient adaptability of 3D human reconstruction results to human behavioral diversity.
2.4 Research on Multi-Dimensional Feature Fusion Strategies

3D human body reconstruction task requires the integration of multi-scale appearance features, 
structural features and temporal features. The rationality of feature fusion strategy directly affects the 
reconstruction accuracy and dynamic detail expression ability.

Fixed-weight fusion was the predominant strategy in early research, where feature fusion weights 
were empirically determined or optimized through grid search. To enhance adaptability, dynamic 
weight fusion strategies have gained prominence in recent years, with attention mechanisms emerging 
as the core technology. Tao et al.'s lightweight algorithm [29] improved fusion efficiency through 
feature channel pruning and adaptive convolution kernel adjustments, yet failed to establish a 
correlation mechanism between feature weights and behavioral categories or temporal coherence, 
resulting in insufficient balance between detail restoration and continuity in dynamic scenarios. 
Additionally, while some studies employ reinforcement learning to dynamically adjust feature weights, 
the complex training processes and high computational costs severely limit real-time deployment 
capabilities.

3 Methodology of this paper
3.1 Overall Framework

To address limitations in existing algorithms, this paper proposes a multi-module collaborative 
reconstruction framework comprising seven core components: Input preprocessing and temporal frame 
synchronization, optimal matching point selection, human behavior recognition guidance, pose optimization 
and normalization, multi-dimensional feature fusion, 3D reconstruction and mesh generation, and color 
mapping. The workflow operates as follows: After preprocessing and synchronization, video frames undergo 
SAD algorithm screening to identify optimal matching points. The CNN-LSTM model classifies human 
behavior categories and generates prior pose parameters. Following optimization by the pose discriminator 
and normalization, the SMPL model performs initial 3D structural modeling. By integrating multi-scale, 
contour-color, and temporal features, the PIFuHD hidden function predicts SDF values. Finally, octree 
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acceleration enhances mesh generation and color mapping, producing high-precision, highly coherent 3D 
human models. The overall algorithm framework is illustrated in Figure 1.

Figure 1 Overall framework of the algorithm
3.2 Input preprocessing and synchronization with time-stamped frames
3.2.1 Image Preprocessing
We perform size normalization and pixel normalization on single-frame images:

Inorm_size,t = Resize(Iin,t,(512,512))

Inorm_pixel,t =
Inorm_size,t

255.0 × 2 - 1                                                         、3、

Here, t denotes the frame index, and Iin,t represents the original input image of frame t. The system 
automatically crops the image based on the human detection algorithm.

bboxt = HumanDetect(Inormpixel,t)
Icrop,t = Crop(Inormpixel,t,bboxt × 1.1)                                                、4、

3.2.2 Time Sequence Frame Synchronization
For video sequences, we employ timestamp alignment and motion compensation to achieve frame 

synchronization, ensuring mt = (mx,t,my,t)the accuracy of cross-frame feature matching. By defining inter-
frame motion vectors, the current frame's cropping position is predicted using the cropped area from the 
previous frame.

bboxt,pred = bboxt -1 + mt × s                                                      、5、
Among them, s is the scaling factor, mt is calculated from the best matching point of adjacent frames, and 
the overlap rate of the cropped area between frames after synchronization is ≥ 85%.
3.3 Optimal Matching Point Screening and Temporal Feature Extraction
3.3.1 Optimal Matching Point Selection

We employ the SAD algorithm to classify and filter the image blocks in frame t, with the SAD 
calculation formula as follows:

SAD(st,ct(m)) = ∑16
x=1 ∑16

y=1 |st(x,y) - ct(x - mx,y - my)|                                   、6、

Among them, st is the current data of frame t, and ct is the reference data of frame t. Define the 
adaptability value SADP, and the optimal matching point determination rule is: SADP_t ≤ 300 ⇒ the optimal 
matching point in frame t. After filtering, the number of feature points is reduced by 35% to reduce 
computational redundancy.

After filtering, the number of feature points is reduced by 35%, which reduces the computational 
redundancy.
3.3.2 Time Series Feature Extraction
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This article uses bidirectional LSTM to capture cross frame temporal dependencies. The input is the 
optimal matching point feature set Fmatch,t-2,Fmatch,t-1,Fmatch,t from frames t-2 to t. The output temporal feature 
Ftemp,t、

Ftemp,t = BiLSTM(Fmatch,t-2,Fmatch,t-1,Fmatch,t)                                         、7、
The BiLSTM model features a 256-dimensional hidden layer with an output dimension of 

256×64×64, which aligns with the multi-scale feature dimensions.
3.4 Human Behavior Recognition Guidance Module

3.4.1 Behavioral Recognition Model
This article adopts the CNN-LSTM architecture, with the input being the cropped images Icrop,t-1,Icrop,t:

Spatial feature extraction: Fspa,t = ResNet50(Icrop,t), where Fspa,t, t are single frame spatial features.
Temporal feature fusion: Fbeh,t = LSTM(Fspa,t-1,Fspa,t), where Fbeh,t and t are behavioral features.
Behavior classification:k ⇒ 1,2,...,K
Among them, k ⇒ 1,2,..., K (K=8, covering common behaviors such as walking, sitting, running, etc.).
Loss function: Lcls = - ∑T

t=1 ∑K
k=1 yt,klog(yt,k)                                                                                   、8、

Among them,  yt,k and k are the true labels of the behavior category in the t-th frame.
3.4.2 Prior Distribution of Attitude Parameters for Behavioral Guidance

We dynamically adjust the SMPL model parameters based on the behavior category (k):
Attitude parameter range:Θk = [θk,min,θk,max]                                                                                            、9、
Attitude discriminator weights: ωk =

yt,k

∑ k = 1
Kyt,k

, ωk is the weighted coefficient of behavior confidence, 

enhancing the focus of current behavioral physiological constraints.
Behavior enhanced posture discriminator
The input of attitude discriminator (D) is "generate virtual joint points+original RGB image+behavioral 
feature "
The objective function introduces ωk, and the objective function is L(G,D) = ωk ⇒
[Ex ⇒ Pdata[ log D (x)] + Ex⇒PG[ log( 1 - D(x))]]                                                                                      、10、
Discriminator output:

DRII(real,fake,t) = σD(real) - ωk ⇒ Efake[D(fake)]                                         、11、

DRII(fake,real,t) = σD(fake) - ωk ⇒ Ereal[D(real)]                                         、12、

The algorithm ensures that the generated attitude conforms to the current human behavior constraints.
Meanwhile, this paper performs displacement and size normalization on 2D joints to eliminate 

individual differences.
S'i,t = Si,t - S0,t                                                                     、13、

Ji,t = 100 ⇒
S'i,t
|S'i,t|                                                                    、14、

Among them, Si,t are the coordinates of the i-th joint point in the t-th frame, S0,t are the hip center 
joint points, and the normalized joint point sequence Ji,t ranges uniformly from [-1,1].
3.5 Multi-dimensional Feature Fusion Module
3.5.1 Multi-scale Feature Extraction

For the image filtered through optimal matching points, we employ the Hourglass network to extract 
multi-scale features.
Global features ((Fg,t = Hourglass(Icrop,t,L = 5)) .
Local features ((Fl,t = Hourglass(Icrop256,t,L = 4)) , aligned by upsampling to 256 × 64 × 64.
3.5.2 Dynamic Fusion of Triple Features

We integrate multi-scale features, contour-color features, and temporal features, with weights 
dynamically adjusted based on feature variance and temporal coherence.

Ffusion,t = αt ⇒ Ffusion1,t + βt ⇒ yt + γt ⇒ Ftemp,t                                            、15、
The functions Ffusion1,t、yt、γt are as follows:
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Ffusion1,t =
Var(Fg,t)

Var(Fg,t) + Var(Fl,t) ⇒ Fg,t +
Var(Fl,t)

Var(Fg,t) + Var(Fl,t) ⇒ Fl,t                                         、16、
yt = (ω1,ty1,t,ω2,ty2,t)

αt + βt + γt = 1
γt =

1
1 + exp( - Corr(Fmatch,t,Fmatch,t-1))                                                     、17、

ω2
1,t + ω2

2,t = 1
We enhance the ability of the hidden function to express spatial details and temporal coherence through 

triple fusion.
3.6 3D Reconstruction and Mesh Generation

This paper implements a 2D-to-3D structured mapping by integrating the SMPL model, behavioral 
prior knowledge, and temporal features.
The SMPL model generates a preliminary 3D mesh:
Mt(β,θt) = W(T(β,θt),J(β,t),θt,Wg)、 Among them, θt ⇒ Θk .
3D Joint Coordinate Regression:

X3D,t = X(Mt(β,θt),Ftemp,t)
Implicit Function Extension and SDF Prediction

To extend the pixel alignment implicit functionFfusion,t, we incorporate multi-dimensional fusion 
features:

f(Ffusion,t,X3D,t) = st{ = 0, X3D,t ⇒ surface
0, X3D,t ⇒ external
< 0, X3D,t ⇒ internal

                                         、18、

We predict the SDF value through the MLP network: S(pi,t) = MLP(fi,t ⇒ pi,t).

3.7 Temporal Consistency Loss and Grid Generation
This paper introduces temporal consistency loss to ensure the coherence of adjacent frame models.

Ltemp =
1

T - 1∑T
t=2

1
Nv

∑Nv

j=1 |vj,t - vj,t-1|2                                            、19、
Among them,vj,t and t are the coordinates of the jth vertex in the t-th frame. And use octree acceleration 

Marching Cubes algorithm to generate grids.
3.8 Color Mapping Module

This paper implements accurate color sampling through bilinear interpolation algorithm, combining 
texture inference loss with temporal color consistency loss.

LC =
1
n∑T

t=1 ∑n
i=1 |f(Ffusion,t,X3D,i,t) - c(X3D,i,t)|2 +

λ
T - 1∑T

t=2 ∑n
i=1 |c(X3D,i,t) - c(X3D,i,t-1)|2       、20、

Among them, λ = 0.1 is the temporal color weight, ensuring natural color transitions between adjacent 
frames.

4 Simulation
The proposed algorithm was implemented on the PyCharm platform, with multiple sets of standard 

videos selected for testing. To validate the algorithm's effectiveness, all experiments were conducted under 
identical conditions, and the results obtained by this algorithm were compared with those of traditional 
algorithms and Literature algorithm[27].

The experimental computer configuration includes: Intel Core i9-12900K CPU, 64GB DDR4 RAM, 
1TB SSD, and NVIDIA RTX 3090 graphics card with 24GB dedicated memory.
4.1 Comparison of Algorithms

This study quantitatively evaluates the performance of our algorithm and mainstream comparison 
algorithms in 3D human body reconstruction using three core metrics: point-to-surface distance, Chamfer 
distance, and 3D IoU. The verified data are presented in Table 1. Point-to-surface distance and Chamfer 
distance measure geometric errors between reconstructed models and real human models, with smaller 
values indicating higher reconstruction accuracy. 3DIoU assesses the overlap degree between reconstructed 
models and real models, where larger values signify better reconstruction consistency and completeness.

Table 1 Experimental Results of Various Algorithms

Configure Distance from point to 
surface (mm)

Chamfer distance 
(mm²) 3D IoU(%)
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PIFuHD 15.6 0.002 66.0

Literature algorithm[27] 9.9 0.0009 80.8

Algorithm of this paper 9.8 0.0008 81.1
As shown in Table 1, our proposed algorithm achieved significant performance improvements on all 

three evaluation metrics, outperforming the literature algorithms [27] and the PIFuHD method. This proves 
the effectiveness of our proposed method.
4.2 Algorithm Experimental Results

To verify the feasibility and effectiveness of the proposed algorithm, two typical motion states were 
selected for testing: one is the relatively stationary standing state, and the other is the dynamic running 
process. For these two scenarios, corresponding data were collected respectively, and the 3D detail 
reconstruction was performed using the algorithm proposed in this paper.
scenario one 、

  
(a) Original image                (b) 3D model of the character 

  
(c) 3D model (standing)

Figure 2 3D model after color mapping (standing position)
Scene 2:
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(a) Original image                 (b) 3D model of the character                      

(c) 3D model (running)

Figure 3 3D model after color mapping (running)
The experimental results show that the algorithm can achieve excellent reconstruction performance 

under various conditions. In addition, Figures 2 and 3 show that human details have been accurately restored 
through precise color reproduction. In the standing posture scene, the algorithm accurately reconstructs fine 
clothing details such as subtle wrinkles around the elbows, waist, and knee joints. In the running sequence 
scene, the reconstructed 3D model maintains significant motion consistency. These effectively demonstrate 
the advantages of the algorithm in detail construction.
4.3 Ablation Experiment

To validate the functionality of each algorithm module, we conducted ablation experiments and tested 
them under identical conditions. The test results are presented in Table 2.

Table 2 Ablation Experimental Results

Configure Distance from point to 
surface (mm) Chamfer distance (mm²) 3D IoU、%、

base model 16.6 0.0016 68.0

Basic Model+Optimal Matching 
Point+Behavior Recognition 12.7 0.0011 74.2

Basic Model + Optimal Matching 
Point + Temporal Fusion 11.3 0.0012 74.8

Complete method 9.8 0.0009 81.5
As shown in Table 2, when the module selected in this paper is introduced, all indicators improve 
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compared to the baseline model.
Building upon the "basic model + optimal matching point" framework, the integration of the "behavior 

recognition" module yielded sustained performance enhancements: the point-to-surface distance was 
reduced to 12.7mm, the chamfer distance to 0.0011mm², and the 3D IoU improved to 74.2%. This 
demonstrates that the behavior recognition module significantly improves the matching process, thereby 
enhancing registration accuracy.

Building upon the "basic model + optimal matching points" framework, the integration of a "temporal 
fusion" module dramatically reduces the point-to-surface distance to 11.3mm while boosting 3D IoU to 
74.8%. This improvement surpasses the "behavior recognition" module in the point-to-surface distance 
metric, demonstrating that temporal fusion effectively enhances motion accuracy by leveraging inter-frame 
correlation information.
        As shown in Table 2, the complete model achieves optimal performance: the point-to-surface distance 
is further reduced to 9.8mm, the chamfer distance to 0.0009mm², and the 3D IoU significantly improves to 
81.5%. This demonstrates the rationality of each module's design and the effectiveness of their synergistic 
interaction.

5 Conclusion
We propose a 3D detail reconstruction algorithm integrating temporal information and human behavior 

recognition, establishing a full-process collaborative framework. The algorithm employs the SAD algorithm 
to identify optimal matching points and combines LSTM to capture temporal dependencies for cross-frame 
feature coordination. Based on the CNN-LSTM model, it performs human behavior recognition to guide the 
SMPL model's pose parameter prior and discriminator constraints. After eliminating individual differences 
through pose normalization, the SMPL and PIFuHD latent function are fused to achieve structured 3D 
mapping. Finally, we utilize octree acceleration grids to output high-precision 3D human models. 
Experimental results demonstrate that the proposed algorithm aligns with expected outcomes, achieving 
stable 3D detail reconstruction in both standing and running states. Through multi-module collaboration and 
multi-information fusion, this algorithm provides novel insights for high-precision 3D human reconstruction, 
though certain limitations remain: the algorithm's robustness in extreme poses or occluded scenes requires 
further enhancement. Future research will focus on robustness optimization in complex scenarios, 
lightweight model design, and unsupervised/weakly supervised training methods, aiming to provide 
comprehensive theoretical support and technical guarantees for practical applications of 3D human 
reconstruction technology.
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