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Abstract: Traditional video acquisition and generation methods are limited by sensor layout, data transmission costs, 

and modeling capabilities, rendering it challenging to simultaneously capture local structure and global temporal 

dependencies in complex, multi-scale, and irregular urban scenes, resulting in inconsistent video quality and stability. 

To address the problem of urban video frame reconstruction and generation under complex monitoring conditions, this 

study introduces a smart city video generation method that integrates spatiotemporal transformer networks and graph 

convolution networks. First, a spatiotemporal Transformer is used to capture spatiotemporal semantics. Then, graph 

convolution is introduced to model structural relationships among spatial patches within video frames, enabling 

effective spatial information propagation. Furthermore, gated recurrent units and multi-scale attention mechanisms are 

combined to enhance dynamic modeling and feature fusion capabilities. Experiments are conducted on urban 

monitoring video data containing three representative scenarios, including urban road traffic monitoring, public 

square surveillance, and environmental monitoring scenes. The performance of the proposed method is compared with 

convolutional neural network based video reconstruction methods and spatiotemporal transformer based models 

under the same experimental settings. In these scenarios, the introduced approach achieves a peak signal-to-noise ratio 

improvement of 2.14 dB, 3.01 dB, and 3.40 dB compared to the convolutional neural network based reconstruction 

method, respectively, while the structural similarity index increases by approximately 1.52% to 2.97% across different 

scenes. Moreover, compared to existing video modeling methods reported in the literature, the proposed method 

exhibits the least performance degradation under various types of noise and occlusion disturbances. The findings 

demonstrate that the introduced approach can achieve higher quality and more robust video generation in complex 

dynamic scenes, particularly in urban monitoring environments with noise interference and partial occlusion, 

providing a new technical path and implementation means for visual perception in smart cities. 

Keywords: Graph Neural Network; Multi-Camera Video Generation; Multi-Scale Feature Fusion; Smart City; 

Spatiotemporal Transformer 

 

1. Introduction 

With the continuous advancement of smart city construction, urban infrastructure, public transportation, 

security monitoring and environmental governance are rapidly becoming digitalized and intelligent. As an 

important component of multi-source sensing data in smart cities, video carries the spatiotemporal 

information expression of complex dynamic scenes and is of great significance for urban event perception, 

environmental monitoring, traffic scheduling and emergency response [1]. With the development of internet of 

things technology, urban sensing systems have gradually formed a sensing network composed of multi-source 

sensors and intelligent analysis algorithms. The integration of machine learning and IoT technology has 

become an important research direction for the development of smart cities [2]. However, traditional video 

acquisition methods are limited by sensor layout, data transmission and storage costs, making it challenging to 

fulfil the video demands for high spatiotemporal resolution and strong robustness. Therefore, deep 
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learning-based video generation and reconstruction methods have become one of the key technologies in 

smart city sensing systems [3]. However, existing video generation methods either focus on pixel 

reconstruction and are difficult to model global spatiotemporal dependences [4]. In addition, existing methods 

focus on temporal modeling and lack characterization of local spatial topology, rendering it challenging to 

adapt to multi-scale, irregular and complex urban scenes [5]. Therefore, achieving efficient integration of 

spatial structure and temporal dependencies has become a key technical bottleneck. 

In multi-camera urban video sensing networks, there are often obvious spatial connections and structural 

dependencies between different monitoring nodes. However, existing video generation methods ignore this 

cross-node topological information, making it difficult for models to simultaneously characterize the urban 

spatial structure and the long-term evolutionary features of video sequences. Furthermore, single temporal 

modeling methods are prone to semantic inconsistencies or structural distortions in complex dynamic scenes. 

Therefore, it is necessary to construct a unified video generation framework capable of simultaneously 

modeling spatial topological relationships and long-term temporal dependencies. 

To address the aforementioned issues, this research puts forward a spatiotemporal Transformer (STT) 

video generation method for smart cities, aiming to fully extract and efficiently model the spatiotemporal 

features of smart city videos. This study utilizes STT to capture spatiotemporal semantic information from 

videos and employs graph convolutional network (GCN) to perform topological modeling of non-Euclidean 

spatial structures. The primary innovations and notable contributions of this research are outlined below: (1) A 

video generation framework GCN-STT, which integrates GCN and STT, is proposed, effectively combining 

local topological structure and long temporal information modeling; (2) A multi-scale feature fusion 

mechanism is designed for complex dynamic scenarios in smart cities, improving the adaptability to 

multi-target and multi-scale motion; (3) In the temporal modeling stage, a gated recurrent unit (GRU) is 

introduced to dynamically model node features, and a multi-scale attention mechanism is used to achieve 

weighted fusion of features at different time scales and structural levels, thereby enhancing the temporal 

stability and structural consistency in the video generation process; (4) The effectiveness of the method is 

verified through multi-dimensional indicators of pixel, structure, perception, and temporal consistency, 

providing a new technical path for high-quality video generation in smart city visual perception systems. 

2. Related Works 

Against the backdrop of the rapid development of smart city construction, high-quality video generation 

technology has become an important foundation for supporting intelligent perception and decision-making in 

various domains such as urban traffic monitoring, public safety, and environmental governance. Existing 

research has explored this topic extensively from the perspective of urban visual perception and video 

surveillance systems. For example, to solve the urgent needs of citizens for safety and real-time anomaly 

monitoring in the context of accelerated global urbanization, Sharma et al. proposed a standardized smart city 

monitoring framework that integrates cutting-edge artificial intelligence detection and massive video data. By 

constructing a unified video perception model, accurate perception of key events such as abnormal behavior, 

fire, and tampering was achieved [6]. Zhou et al. introduced a unified fusion framework to address the 

problem of the separation of low-level and high-level visual perception in existing traffic monitoring systems. 

By introducing advanced perception enhancement, efficient learning, knowledge-driven understanding, 

collaborative perception and lightweight computing, the accuracy of scene understanding and practical 

adaptability were comprehensively improved [7]. In addition, Zhang et al. proposed a 

defogging-reconstruction integrated solution based on deep learning to tackle the challenges of color distortion 

and low contrast caused by outdoor haze images. By estimating the transmission map through a fine 

transmission depth convolutional regression network, the accuracy and efficiency of 3D reconstruction were 

improved [8]. Hu et al. introduced a new multi-view stereo method grounded in deep learning to address the 

problem of high computational complexity and memory usage of monocular cameras. By efficiently estimating 

depth pixel by pixel through a lightweight network, real-time 3D reconstruction of large scenes was achieved 

[9]. These studies provide an important foundation for visual perception and complex scene understanding in 

smart cities. 
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With the development of deep learning, video generation and prediction technologies have gradually 

evolved from traditional convolutional structures to deep learning frameworks that integrate spatial and 

temporal features. For example, to solve the problem of limited reconstruction quality of high-frame sequences 

from single-frame measurements in video snapshot compression imaging, Wang et al. proposed 

Spatial-Temporal Transformer (STFormer). By using token generation, spatiotemporal dual-branch 

self-attention, and fusion network to jointly mine spatial details and temporal correlations, efficient real data 

reconstruction and simulation are achieved [10]. To handle the issue of difficult detection of anomalies in the 

remote sensing perspective of UAVs, Tran et al. proposed an unsupervised Transformer future frame 

prediction network. By jointly modeling the spatiotemporal sequence through encoder-decoder and locating 

anomalies with reconstruction errors, they achieved accurate early warning of events such as traffic accidents 

and traffic jams [11]. Kaddar et al. introduced a hybrid framework of convolutional neural network (CNN) + 

vision Transformer (ViT) to address the problem that CNN Deepfake detectors only focus on local artifacts and 

have weak generalization across generation methods. By extracting local features through CNN and feeding 

them into ViT for self-attention to learn global dependencies, the detection accuracy and generalization ability 

of unknown forgery algorithms were improved [12]. Tang et al. designed a Human-centric Spatiotemporal 

Video Grounding (HC-STVG) method to address the problem that it is difficult to accurately locate the 

spatiotemporal trajectory of a specific person in long-term monitoring text descriptions. By extracting 

cross-modal representations through ViT, they jointly located the spatial tube and time period, thereby 

achieving high-precision positioning of the spatiotemporal tube of the target person [13].  

In summary, while current research on smart city video generation has made significant progress in areas 

such as dehazing reconstruction, surveillance fusion, 3D scene reconstruction, and anomaly detection, existing 

methods still suffer from limitations, including insufficient spatial topology characterization, limited global 

spatiotemporal dependency modeling capabilities, and poor adaptability to complex dynamic scenes. 

Particularly in multi-objective, multi-scale, and irregular urban scenarios, single convolutional or temporal 

modeling methods struggle to simultaneously capture local details and global correlations. To address this gap, 

this research proposes a smart city video generation method based on the fusion of GCN and STT. By 

introducing topology-aware spatial structure modeling and a multi-scale temporal feature fusion mechanism, 

it aims to improve the semantic consistency, detail reproduction, and temporal stability of the generated video. 

The innovative aspect of this research lies in estabishng a spatial and temporal collaborative modeling 

mechanism and a comprehensive verification system based on multi-dimensional indicators. 

3. Research Methodology 

The research focuses on video generation and reconstruction tasks in multi-camera urban surveillance 

scenarios, namely, generating target video frames with spatiotemporal consistency given historical video 

sequences and multi-node spatial structure information. First proposes a video feature modeling and encoding 

method based on STT. Second, it constructs a video generation framework integrating GCN and STT to 

enhance spatial topology modeling and global temporal dependency capture capabilities. Finally, through 

multi-scale feature fusion and temporal dynamic modeling, it achieves high-quality video generation and 

reconstruction of complex smart city scenarios. 

3.1. Video Feature Modeling and Coding Method Based on STT 

With the continuous improvement of smart city infrastructure, the deployment of nodes such as road 

monitoring, pedestrian density analysis, and environmental monitoring has formed a large-scale video stream 

with high spatiotemporal coupling. However, traditional CNNs are limited by local receptive fields and have 

difficulty capturing global dependencies [14]. Recurrent Neural Networks (RNNs) are prone to gradient 

vanishing and information decay problems in long-term sequence modeling, making it difficult to fully 

characterize complex dynamic processes [15]. Therefore, this study proposes an STT feature modeling method 

to capture long-range dependencies in the time dimension and preserve the topological structure of the urban 

scene in the spatial dimension. The specific details are shown in Figure 1. 
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Figure 1. Schematic diagram of the overall framework for video feature modeling based on STT1 

Figure 1 illustrates the video feature modeling framework based on STT. First, the input video stream is 

divided into several P P  sub-blocks and projected into a D -dimensional feature space through linear 

embedding, achieving a preliminary transformation from image to feature. Second, the features enter the 

temporal Transformer encoder, which combines temporal and spatial location encoding, and uses a multi-head 

attention (MHA) mechanism and a feedforward neural network (FNN) to model global temporal 

dependencies and enhance feature representation [16-17]. Based on this, features at different scales are fused 

through multi-scale feature fusion, taking into account both local details and overall structure. Assume that 

each frame of the video sequence is divided into multiple non-overlapping sub-blocks and embedded into a 

D -dimensional feature space through linear mapping, as shown in equation (1). 

 1 2

, ,

, ,...,

Flatten( )
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X x x x
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In equation (1), X  represents the video sequence; T  represents the number of frames in the sequence. 
H W C

tx
   represents the image of the t th frame, where H , W , and C  are the image height, width, and 

number of channels. ,

D

t iz   represents the feature representation of the i th sub-block in the t th frame. 
2( )D P C

pW
   represents the linear mapping matrix, P  is the size of the sub-block; ,t ip  is the 

non-overlapping sub-block; 
D

qb   is the bias term; and Flatten( )  is the flattening operation. After 

obtaining the patch embedding, to capture the long-term dependencies between frames, the self-attention 

mechanism of Transformer is introduced. First, the query (Q ), key (K ), and value (V ) are obtained through 

linear transformation, as shown in equation (2). 
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In equation (2), Z  represents the feature representation vector; QW , KW , and VW  are the learnable 

parameter matrices, respectively. The self-attention calculation formula is shown in equation (3). 
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k
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d



=                                                    (3) 

In equation (3), kd  represents the dimension of the key vector. Based on this, the study further enhances 

the feature representation capability through residual connections and FNN, as presented in equation (4). 
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In equation (4), ( )tH  is the feature representation after MHA. 
( )

out

tH  represents the output feature after 

further processing by LayerNorm and FNN. LayerNorm  represents the layer normalization operation. 

 
1 https://pixabay.com/zh/photos/street-shanghai-city-china-road-6569760 
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However, using only the temporal dimension information cannot fully express the structural features in urban 

scenes. Therefore, the study adds spatial and temporal location encoding to the patch features to ensure that 

the features retain semantic location information during the temporal modeling process [18]. For the i th 

sub-block of the t th frame, the update formula is presented in equation (5). 

, ,
ˆ ( ) ( )t i t i s tz z P i P t= + +                                                                 (5) 

In equation (5), ( ) D

sP i   represents spatial location coding information, reflecting the fixed position of 

the corresponding patch in the image. ( ) D

tP t   represents temporal location coding, which mainly 

represents the video frame sequence information. The structure of spatiotemporal location coding and 

multi-scale feature fusion mechanism is shown in Figure 2. 
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Figure 2. Schematic diagram of spatial and temporal location coding and multi-scale feature fusion mechanism 

In Figure 2, temporal and spatial location encodings supplement the feature vectors with temporal and 

spatial semantics, respectively, ensuring that frame order and geometric location information are preserved in 

subsequent modeling. These two encodings are then fused with the input feature vector through a weighted 

sum to obtain an embedded representation with spatiotemporal semantics. Next, this representation is input to 

a multi-scale feature fusion module, which extracts local and global feature information from different scale 

branches. The features at each scale are weighted and summed to form the final fusion result. Assuming sF  

represents the feature representation at the s th scale, and there are S  scales in total, the mathematical 

expression for the final fused feature is shown in equation (6). 

multi

1

S

s s

s

F F
=

=                                                                       (6) 

In equation (6), multiF  represents the final fused features; s  represents a learnable weight parameter 

used to control the contribution ratio of features at each scale. Through this fusion mechanism, the model can 

not only identify small-scale pedestrian targets, but also simultaneously perceive large-scale structural 

information such as traffic flow and roads. 

3.2. Smart City Video Generation Framework Based on GCN-STT 

While STT-based video feature modeling and coding methods can identify and perceive urban features at 

different scales, they struggle to comprehensively represent urban regional interactions and structural 

dependencies. Therefore, this study further introduces a fusion mechanism of GCN and temporal modeling to 

construct a video generation framework, GCN-STT, with global topology awareness and temporal dynamic 

modeling capabilities. The details are shown in Figure 3. 

In Figure 3, video stream data is first collected from distributed urban cameras and then processed by the 

STT module of the spatiotemporal feature modeling layer. Global temporal dependencies and local spatial 

structure features are extracted using MHA and time-space location coding. At the same time, the GCN graph 

convolution module uses urban video nodes as vertices and implements feature propagation between nodes 

based on the adjacency matrix to characterize the urban spatial topology. Secondly, the outputs of STT and 

GCN are fused and entered into the temporal modeling and video reconstruction layer. The Gated Recurrent 

Unit (GRU) module further models the temporal dynamics, and the decoder restores the target video frame 
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through deconvolution and upsampling. In the proposed framework, spatial patches extracted from video 

frames are treated as nodes in a graph ( , , )G V E A=  [19]. Among them, the node set V  represents N  spatial 

patches within video frames; the edge set E  represents the physical or functional association between nodes, 

and the adjacency matrix N NA   is used to characterize the association. Considering the strong structural 

correlation between adjacent spatial regions, this study constructs an adjacency matrix based on spatial 

neighborhood relationships. 

MHA

Time-based spatial 

position encoding

STT feature encoding

The outputs of STT and GCN converge in the  spatio-

temporal fusion + multi-scale attention  region.

GCN graph convolution module Adjacency matrix

Temporal 

modeling

Upsampling

Deconvolution

Decoder

GRU sequential modeling

Input video 

capture layer

Spatio-temporal 

feature modeling 

layer

Graph topology 

propagation and 

temporal fusion layer

Video reconstruction 

generation layer

 

Figure 3. Smart city video generation framework based on GCN-STT 

When two patches are spatially adjacent, their corresponding nodes are connected; otherwise, no 

connection is established. Therefore, the adjacency matrix is constructed using binary adjacency, where ijA =1 

when two nodes are adjacent, and ijA =0 otherwise. Furthermore, the graph structure maintains a static 

topology during model training. The self-connection term NI  is added to the adjacency matrix to get equation 

(7). 

N

ii ij

j

A A I

D A

 = +

 =


                                                                        (7) 

In equation (7), iiD  represents the degree matrix corresponding to the adjacency matrix, and the 

calculation process of performing a standard graph convolution layer is shown in equation (8). 
1 1

( 1) ( ) ( )2 2( )l l lH D AD H W
− −

+ =                                                           (8) 

In equation (8), ( )lH  represents the node feature matrix of the l th layer, and the initial input (0)H  

comes from the encoding result of STT. ( )lW  represents the learnable weight matrix;   represents the 

nonlinear activation function. By normalizing the adjacency matrix, graph convolution can smoothly aggregate 

the neighborhood features of each node, enabling the model to explicitly perceive the urban topology and its 

impact. To further enhance the neighborhood perception capability of the model, a multi-order propagation 

mechanism is introduced to include K -order neighbors in the convolution range, and the specific 

mathematical expression is shown in equation (9). 
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In equation (9), L̂  represents the normalized Laplace matrix; k  represents the learnable Chebyshev 

coefficients; and ( )kT   represents the Chebyshev polynomial. The model can capture both local and 

long-range structural relationships through multi-order propagation. Considering that node features still have 

obvious temporal evolution patterns during the propagation of topological information, in order to efficiently 
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model the dynamic changes in the time dimension, the study introduces GRU to model the evolution trajectory 

of node features over time. For node feature tX , its update process is shown in equation (10). 
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In equation (10), tz  and tr  are the update gate and reset gate; zW , zU , rW , rU , hW  and hU  all 

represent learnable parameters; zb , rb  and hb  represent bias terms.  represents the Hadamard product. 

GRU can flexibly control the retention and forgetting of information, and is superior to traditional RNN and 

Long Short-Term Memory Network (LSTM) in modeling the changes in node state over time. It has high 

computational efficiency and is suitable for the temporal modeling of large-scale urban sensing networks [20]. 

Based on this, in order to achieve deep coupling between spatial topological information and temporal 

dynamics, a multi-scale attention mechanism is introduced on the basis of graph convolution + GRU to fuse the 

features of different time steps and different graph convolutional layers. Its core idea is to assign weights s  

on the feature representations sF  at different scales, as shown in equation (11). 
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In equation (11), q  represents the global query vector; sk  represents the key vector of each scale feature. 

Through the attention weight allocation mechanism, the model can adaptively select the scale information that 

contributes best to video generation, thereby achieving dynamic fusion and enhancement of features. In 

addition, to avoid the gradient decay problem when modeling long sequences, the study uses residual 

connections and layer normalization operations to optimize the output feature representation, as shown in 

equation (12). 
LayerNorm( )out out tF F H= +                                                             (12) 

After completing topology propagation, temporal modeling, and feature fusion, the final video generation 

is achieved through the decoder module. The decoder adopts a structure combining deconvolution and 

upsampling to convert the spatiotemporal feature tensor outF  into the target video frame ˆ
tY . The 

reconstruction process can be expressed as equation (13). 

decoder
ˆ ( )t outY f F=                                                                     (13) 

In equation (13), decoderf  represents the decoder mapping function. To constrain the quality and stability 

of the generated video, a joint objective function of reconstruction loss and perceptual loss is introduced, as 

shown in equation (14). 

1 MSE 2 Perceptual
ˆ ˆ( , ) ( , )t t t tLoss L Y Y L Y Y = +                                                   (14) 

In equation (14), MSEL  represents the pixel-level mean square error (MSE), used to ensure video clarity. 

PerceptualL  represents the perceptual loss, used to measure semantic consistency. 1  and 2  represent 

weighting coefficients. Combining the above, the overall video generation process based on GCN-STT is 

shown in Figure 4. 

In Figure 4, first, multi-source videos of the city are acquired. After preprocessing such as shading and 

brightness normalization, the video frames are segmented and linearly embedded, and spatiotemporal 

location encoding is injected. Second, the STT module models the video sequence through a self-attention 

mechanism, mainly for extracting long-distance temporal dependencies and global spatial semantic 

information. The GCN module uses an adjacency matrix to model the structural relationships between spatial 

nodes, realizing topological feature propagation, enabling the model to characterize the structural associations 

between different spatial regions. The outputs of both are integrated in a spatiotemporal fusion layer and 

weighted fusion is performed through a multi-scale attention mechanism. The multi-scale features come from 
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the feature representations output by different graph convolutional layers, corresponding to coarse-grained, 

medium-grained, and fine-grained structural information. The fused features are input in to the GRU for 

dynamic temporal modeling to capture the state evolution of video features in the temporal dimension. Finally, 

the decoder generates video frames through upsampling and deconvolution, and outputs the final video result 

by combining loss constraints and post-processing. 
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Figure 4. Video generation process based on GCN-STT 

4. Results and Discussion 

First, the experimental setup and relevant parameters for model training were defined. Second, the 

performance of the GCN-STT model was validated based on CNN and STT. Finally, the performance of the 

proposed method was compared with existing video generation methods. 

4.1. Experimental Setup 

To confirm the validity of the introduced approach, this study used multi-source video sensing scenarios 

of smart city traffic and public space monitoring as validation data. The data comes from the city's public 

monitoring system and open video resource platform, and has been uniformly organized and anonymized. 

This dataset covered three typical scenarios: road traffic monitoring, public square areas, and environmental 

monitoring nodes. Road traffic monitoring videos were collected from intersections of main urban roads, 

including dynamic scenes involving multiple targets such as vehicle flow, pedestrian flow, and traffic lights. 

Public square area videos were collected from city center squares and densely populated pedestrian areas, 

mainly reflecting crowd movement and environmental changes. Environmental monitoring node videos were 

collected from areas surrounding public facilities, including typical dynamic features such as weather changes 

and day-night light differences. The dataset contains 180 video sequences, with a total duration of 

approximately 3.6 hours. Each video is approximately 30-90 seconds long and covers 12 different monitoring 

areas. All videos were anonymized and desensitized, with a uniform sampling frequency of 25 fps and a 

resolution of 1280×720, and were divided into a 70% training set, 15% validation set, and 15% test set. Before 

formal training, the video frames underwent preprocessing steps including frame segmentation and linear 

embedding (each frame was divided into 16×16 patches and mapped to a high-dimensional feature space), 

brightness and contrast normalization, spatiotemporal location coding injection, and adjacency matrix 

construction. 

The experimental hardware and software environment and the details of the hyperparameter settings for 

the GCN-STT model are shown in Table 1: 

Table 1. Experimental Hardware and Software Environment and Model Hyperparameter Settings 
Category Item Configuration/Parameter 

Hardware 

CPU Intel Core i7-13700K 3.4 GHz 

GPU NVIDIA RTX 4090 (24 GB VRAM) 

Memory 64 GB DDR5 

Storage 2 TB NVMe SSD 

Software 

Operating system Ubuntu 22.04 LTS 

Deep learning framework PyTorch 2.1.0 

Libraries CUDA 12.2, cuDNN 8.9, OpenCV 4.8 
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Programming language Python 3.10 

Training settings 

Batch size 8 

Learning rate 1×10-4 (Cosine annealing) 

Optimizer Adam (β1=0.9, β2=0.999) 

Epochs 200 (with early stopping) 

Model 
hyperparameters 

Positional encoding dimension 768 

Graph convolution order K  3 

Number of attention heads 8 

Feature dimension per head 96 

Transformer encoder layers 6 

GCN layers 3 

GRU hidden dimension 512 

Loss function 
dettings 

MSE weight 
1  1.0 

Perceptual loss weight 
2  0.2 

4.2. Performance Verification of STTVideo Generation Method 

To verify the performance of the GCN-STT smart city video generation framework in different application 

scenarios, the study compared the performance of a traditional video reconstruction model based on CNN and 

STT without graph convolution and multi-scale fusion mechanisms. First, the MSE, Structural Similarity Index 

(SSIM), and Peak Signal-to-Noise Ratio (PSNR) of the three methods were analyzed in traffic road scenarios, 

public square scenarios, and environmental monitoring scenarios, as shown in Figure 5. 
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Figure 5. Model performance verification under different smart city scenarios 

As shown in Figure 5(a), the MSE values of GCN-STT in the three scenarios were 0.0148, 0.0156, and 

0.0139, respectively, which were 24.49%, 22.77%, and 26.06% lower than CNN, and 14.94%, 13.81%, and 14.20% 

lower than STT. This indicated that graph convolutional topology propagation effectively enhanced the spatial 

structure modeling capability and reduced pixel-level reconstruction errors. In Figure 5(b), the SSIM index of 

GCN-STT in the three smart city scenarios was 2.77% and 0.94% lower on average than the other two models, 

respectively. This may be because SSIM focuses more on the overall structural similarity of the image, while 

GCN-STT, in its modeling process, propagates spatial topological information through graph convolution and 

combines it with STT to extract global temporal features, thus prioritizing the reduction of pixel-level 

reconstruction errors and noise interference. In complex urban scenarios, this feature optimization method 

may produce slight changes in local structural consistency, leading to a slight decrease in the SSIM metric. As 

shown in Figure 5(c), GCN-STT achieves PSNRs of 32.74 dB, 32.18 dB, and 33.05 dB in the three scenarios, 

significantly outperforming CNN and STT, indicating that this method performs better in terms of pixel 

restoration accuracy and noise suppression. Based on multiple evaluation metrics such as MSE, SSIM, and 

PSNR, it can be seen that GCN-STT can effectively improve video reconstruction quality while maintaining 
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structural consistency, and demonstrates relatively stable video generation performance in the verified urban 

surveillance scenarios. The training effects of different models are shown in Figure 6. 
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Figure 6. Comparison of training results of different models 

As shown in Figures 6(a) and (b), the CNN curve exhibited the most significant fluctuations, with a slow 

decrease in training loss before stabilizing at a relatively high level, resulting in the lowest PSNR and relatively 

poor convergence quality. STT showed improved convergence speed in the early stages, but still experienced 

fluctuations and delays in the mid-to-late stages, ultimately achieving a PSNR of 31.92 dB. In contrast, the 

GCN-STT curve showed the fastest overall decrease and the smallest fluctuations, reaching a stable state after 

150 rounds, ultimately achieving the lowest loss and the highest PSNR. Overall, GCN-STT not only improved 

the final performance but also enhanced the convergence efficiency and stability of the training process, which 

was of great significance for the deployment of large-scale smart city video generation tasks. Finally, the study 

further analyzed the Learned Perceptual Image Patch Similarity (LPIPS) and Warping Error of the three 

models, as shown in Figure 7. 
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Figure 7. Verification of perceived quality and temporal consistency 

As shown in Figures 7(a) and (b), compared with CNN, GCN-STT reduced LPIPS by 23.46%, 46.41%, and 

48.28% in the three scenarios, respectively. Regarding warping error, GCN-STT reduced it by 35.79%, 44.12%, 

and 40.82% compared to CNN, and by 18.95%, 23.53%, and 20.41% compared to STT, respectively. This 

indicated that GCN-STT exhibited significant advantages in both perceptual quality and temporal consistency. 

Based on this, the study performed model ablation validation using Transformer as the baseline. The 

multi-scale attention mechanism is mainly used for feature fusion, and its effect is reflected in the final 

performance improvement of the complete model; therefore, it was not performed as a separate ablation 

module. Specific results are shown in Table 2. 

Table 2. GCN-STT AblationValidation 
STT GCN GRU MSE SSIM PSNR (dB) 

× × × 0.019 0.912 31.2 

√ × × 0.0181 0.918 31.92 

× √ × 0.0178 0.916 31.68 

× × √ 0.0176 0.919 31.77 

√ √ × 0.0164 0.921 32.14 

√ × √ 0.0168 0.923 32.06 

× √ √ 0.0167 0.92 32.02 

√ √ √ 0.0148 0.931 32.74 
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As shown in Table 2, after introducing the spatiotemporal fusion mechanism to improve the Transformer, 

the MSE of the model was significantly reduced, and the PSNR was improved by 0.72 dB. This indicated that 

STT effectively enhanced the global modeling capability of video features by introducing spatial location 

information and spatiotemporal self-attention mechanism. After introducing GCN alone, the model further 

utilized the adjacency matrix to realize topological information propagation, reducing the MSE to 0.0178 and 

improving the PSNR by 0.48 dB. This showed that structural information had a significant gain for local region 

feature extraction. As a temporal state modeling module, GRU could capture inter-frame dynamic changes and 

further optimize feature representation, reducing the MSE to 0.0176. The performance was further improved 

when each module was combined in pairs, with STT+GCN showing the most significant effect, indicating a 

good complementary relationship between spatiotemporal modeling and topological propagation. Overall, 

STT mainly improved global perception and semantic consistency, GCN strengthened spatial structure and 

region association, and GRU stabilized temporal modeling and dynamic changes. The three worked together 

to achieve the performance gain of the model. Based on this, the study further compared the model complexity 

and inference time of GCN-STT with CNN and STT, as shown in Table 3. 

Table 3. Comparison of Model Complexity and Inference Time 
Model Parameters (M) FLOPs (G) Inference Time (s/frame) 

CNN 18.32 32.71 0.029 

STT 21.47 37.26 0.031 

GCN-STT 23.64 41.83 0.034 

As shown in Table 3, the GCN-STT model has a slightly increased parameter size and computational 

complexity compared to CNN and STT. Specifically, GCN-STT has 23.64 M parameters and a computational 

complexity of 41.83 G Floating Point Operations Per Second (FLOPs). This is mainly due to the introduction of 

graph convolution and multi-scale feature fusion mechanisms on top of STT, which enhances feature 

representation capabilities. Despite the increased complexity, the model's average inference time is only 0.034 

s/frame, an increase of only about 0.003 s compared to STT, maintaining high computational efficiency overall 

and demonstrating good real-time processing potential under the current experimental setup. 

4.3. Performance Comparison of Different Video Generation Methods 

To further verify the computational efficiency and performance of the proposed GCN-STT framework in 

large-scale urban scenarios, STFormer proposed in reference [10] and HC-STVG proposed in reference [12] 

were selected as comparison methods to compare and analyze the performance of different models. The study 

first gradually increased the size of the training set and improved the input resolution, recording the training 

time per epoch and peak memory usage of the model under each configuration. The specific verification 

results are shown in Figure 8. 
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Figure 8. Comparison of training efficiency and GPU memory usage 

As shown in Figure 8(a), the training time per epoch for all three methods increased linearly with the data 

size increasing from 0% to 100%, but GCN-STT showed the slowest increase, significantly lower than 

STFormer and HC-STVG. Figure 8(b) shows that the memory usage of all three methods increased with the 

increase in input resolution, but GCN-STT showed the smallest increase, STFormer showed the fastest increase, 

and HC-STVG was in the middle. This indicated that GCN-STT effectively reduced the computational and 

memory overhead of global attention through sparse graph topology propagation, exhibiting better scalability 

and resource efficiency in large-scale and high-resolution scenarios. The study further compared the inference 
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throughput and latency composition decomposition of the three methods under different sequence lengths, as 

shown in Figure 9. 
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Figure 9. Comparison of inference delay components 

As shown in Figure 9(a), the inference frame rate of all three methods decreased with increasing temporal 

length, but GCN-STT showed the smallest decrease, maintaining a consistently high throughput. This 

indicated that GCN-STT had better scalability under long sequence inputs. Figure 9(b) shows the latency 

composition decomposition results of the three methods. STFormer's latency was mainly concentrated in 

attention computation, while HC-STVG and GCN-STT had more balanced latency distributions. Among them, 

GCN-STT had the most reasonable proportion of each module and the lowest overall latency. In summary, 

GCN-STT combined high throughput and low latency in long temporal scenarios, resulting in the best 

inference efficiency. Finally, the study further analyzed the performance degradation of the three methods 

under conditions of increasing noise disturbance and occlusion ratio. In the experimental setup, environmental 

noise interference was simulated by adding Gaussian noise (noise intensity range of 0-20) with gradually 

increasing intensity to the test video frames, and occlusion scenes were constructed by superimposing 

occlusion areas at random locations, with the occlusion area ratio gradually increasing from 0 to 20%. The 

specific experimental results are shown in Figure 10. 
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Figure 10. Comparison of robustness of different methods 

As shown in Figure 10(a), the PSNR of all three methods decreased as the noise intensity σ increased from 

0 to 20. GCN-STT exhibited the smallest degradation amplitude and the flattest curve, while STFormer 

decreased the fastest, with HC-STVG falling in the middle, indicating that GCN-STT was more stable against 

pixel-level noise. Combined with Figure 10(b), GCN-STT showed the smallest increase in Fréchet Video 

Distance (FVD), while STFormer increased the fastest. FVD is an indicator that measures the difference in 

distribution between the generated video and the real video; the lower the value, the closer the generated 

video is to the real video, and the higher the quality. This showed that GCN-STT could better maintain 

temporal consistency and structural stability under occlusion and noise interference, and its overall robustness 

was superior to the other two methods. 

4.4. Statistical Reliability Analysis  

To further verify the stability of the experimental results of different methods under random occlusion 

perturbation conditions where the occlusion area accounts for approximately 20% of the image region, the 

study conducted multiple repeated experiments on each model and statistically analyzed the mean and 

standard deviation of the generated video frames in terms of PSNR, SSIM, and LPIPS. Each experiment was 

repeated three times under the same environment, and the statistical results are shown in Table 4. 
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Table 4. Comparison of Video Generation Performance of Different Methods Under Noise and Occlusion Conditions 
Method PSNR (dB) SSIM LPIPS 

CNN 29.84 ± 0.31 0.874 ± 0.012 0.183 ± 0.009 

STT 31.05 ± 0.27 0.886 ± 0.010 0.162 ± 0.007 

STFormer 31.42 ± 0.24 0.891 ± 0.009 0.158 ± 0.006 

HC-STVG 31.36 ± 0.26 0.889 ± 0.010 0.160 ± 0.007 

GCN-STT 32.18 ± 0.22 0.881 ± 0.009 0.148 ± 0.006 

As shown in Table 4, GCN-STT achieves the highest PSNR value, indicating that the proposed method 

performs better in pixel reconstruction accuracy. It also achieves the lowest LPIPS value, suggesting that the 

generated video frames outperform the comparison methods in terms of perceptual quality. Although 

GCN-STT is slightly lower than some comparison models in SSIM, the overall difference is small, indicating 

that the proposed method focuses on reducing pixel-level errors and improving visual perceptual quality 

while maintaining structural similarity. Furthermore, the standard deviation shows that GCN-STT exhibits 

small fluctuations in its metrics across multiple experiments, indicating that the method has good stability and 

robustness in complex urban scenes and under conditions of noise and occlusion disturbances. The study 

selected surveillance video frames with local occlusion characteristics for qualitative comparative analysis, as 

shown in Figure 11. 

(a) Input (b) CNN (c) STT

(d) STFormer (e) HC-STVG (f) GCN-STT

 

Figure 11. Qualitative comparison of generated video frames under occlusion conditions1 

As shown in Figures 11(a)-(f), the CNN method exhibits significant blurring in local areas, making it 

difficult to recover the structural information of occluded targets. While the STT method improves the overall 

contour, it still suffers from noticeable loss of detail. STFormer and HC-STVG enhance the representation of 

local structures to some extent, but they still suffer from local distortion or blurring of details in complex scenes. 

In contrast, the GCN-STT method can better recover the target structurenear the occluded area and maintain 

spatial consistency between the background and the target. 

5. Conclusion 

To address the shortcomings of traditional video generation methods in complex smart city scenarios, 

such as insufficient spatial structure modeling, limited global temporal capture capabilities, and weak 

anti-interference performance, a smart city video generation framework integrating GCN and STT was 

proposed. Spatial topology propagation was achieved through graph convolution, spatiotemporal 

dependencies were captured using STT, and a multi-scale attention mechanism is combined with GRU for 

dynamic feature fusion. Experiments showed that in road, square, and environmental monitoring scenarios, 

GCN-STT reduced MSE by 24.49%, 22.77%, and 26.06% compared to CNN, and by 14.94%, 13.81%, and 14.20% 

compared to STT, respectively. In the LPIPS perception index, GCN-STT achieved the highest reduction of 

48.28%. Compared to STFormer and HC-STVG, GCN-STT exhibited the best robustness to noise and occlusion 

perturbations. The results demonstrated that GCN-STT significantly enhanced the generation capability in 

complex dynamic scenarios through deep fusion of spatial topology and spatiotemporal features. The 

 
1 https://www.skylinewebcams.com/zh/webcam/italia/lazio/roma/piazza-di-spagna.htm 
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proposed video generation method achieved both high throughput and low latency in long-term temporal 

scenarios, exhibiting optimal inference efficiency and performance. 

However, the research experiments were primarily validated using limited urban surveillance scenario 

data. When extreme occlusion, complex weather changes, or a significant increase in the number of camera 

nodes occur, the model's generated results may still exhibit local detail blurring or incomplete structural 

reconstruction. Furthermore, the proposed method relies to some extent on the graph structure construction 

strategy, and the definition of adjacency relationships may affect model performance. Simultaneously, as the 

number of camera nodes increases, the model's computational complexity may further increase. Therefore, 

future research will further explore more adaptive graph structure construction methods and conduct 

validation on larger-scale, multi-scenario urban video data to improve the model's scalability and 

generalization ability. 
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