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SUMMARY: Aiming at the problems of weak data timing coupling and lagging anomaly 

detection in dynamic scenarios of energy metering system, we propose a collaborative 

architecture of timing fusion Transformer and neural ODE to realize real-time governance and 

anomaly detection of the whole-link data. The multi-head self-attention mechanism is designed 

to dynamically aggregate voltage, current and other multi-dimensional timing correlations, and 

ensure the causality of timing based on causal mask; the continuous time modeling feature of 

neural ODE is used to replace the discrete computation and reduce the time consuming 

redundant inference. Experiments show that the architecture in dynamic energy metering 

scenarios, data governance end-to-end delay ≤ 14ms, voltage/current mutation anomaly 

detection accuracy of 98.25%, edge computing node memory occupancy of only 0.83GB, and 

real-time data reporting compliance rate of 98%, which has a high timeliness and strong 

scenario adaptability in the energy metering all-link governance. 

 

KEYWORDS: energy metering system; temporal fusion Transformer; neural ODE; all-link 
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1 Introduction 

In modern enterprise management, energy measurement as an important foundation for energy 

conservation management, more and more by the majority of enterprises attach great 

importance to the measurement means are also more and more modern, scientific and 

standardized [1]. Energy control and metering analysis system is mainly the use of intelligent 

instrumentation, the enterprise can manage the supply process of energy collection and analysis 

of intelligent application system, the main function is to the company's various users of 

electricity, steam, compressed air and other energy media usage management, including energy 

measurement, statistics, cost accounting, etc. [2, 3]. Scientific measurement of energy, first 

reflected in the management of various quantities of energy, and the number, the source of the 

volume is the purchase of energy resources into the enterprise, storage, consumption and reuse 

of various processes such as measurement, testing results. With accurate, timely, systematic 

data, planning and scheduling, quota management, supervision and evaluation, analysis and 

research, economic accounting will have a reliable basis. To this end, the need for production 

processes, a variety of energy-consuming equipment to carry out perfect daily measurement 

statistics and heat balance, power balance test, in order to understand the energy utilization 

situation, analyze the efficiency of energy-consuming equipment, found that the energy 

utilization rate of the weak links, so as to formulate a targeted data management and monitoring 
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programs, targeted energy-saving technology transformation [4, 5]. Taking the key issue of low 

latency data governance as an example, based on the traditional energy metering management 

system, it is usually only possible to make predictions based on historical electricity 

consumption, which is not accurate and comprehensive. With the development of big data 

technology, the field of data governance can be monitored to face new challenges, the 

governance of large-scale data and the processing of time-sensitive real-time data. The current 

data governance monitoring system is unable to cope with real-time demand and the system 

performance is not high enough to cope with the calculation of massive data. In view of the 

many problems of the existing data governance and monitoring system, it is necessary to study 

a real-time data governance and monitoring technology with perfect function, high 

computational efficiency, and support for massive data processing for enterprise data 

monitoring and management [6, 7]. 

Literature [8] constructed a collaborative metering system architecture based on blockchain 

technology to realize the management of large-scale data sets of the power grid, and 

safeguarded the integrity and security of the data through encryption technology. To improve 

the accuracy and efficiency of the smart metering system, literature [9] designed an edge-fog-

cloud computing architecture and proposed a data processing framework for smart metering 

and IoT, which reduces the communication latency, response time, resource loading, and 

utilization by allocating processing at each layer. Literature [10] establishes adaptive sampling, 

dynamic power management and sleep scheduling algorithms to accomplish data monitoring, 

and the results show that the proposed algorithm reduces the energy consumption and 

information delay, extends the network lifetime, and improves the packet transmission rate, 

which is a big progress compared with the traditional methods. Literature [11] points out three 

limitations of multivariate time series, discrete neural architecture, high complexity, and 

dependence on graph prior. In addressing the existing limitations through continuous modeling, 

multivariate time series abstraction provides dynamic graphs for the subsequent structure, this 

study demonstrates that MTGODE is data accurate. Literature [12] mentions time fusion 

transformer as a novel recurrent neural network for forecasting short term power loads, power 

loads are an important part of the power system, in the control group is compared with the 

transformer and the transformer prediction results are shown to be better than other methods in 

terms of MAE and MAPE. Literature [13] designed multivariate variational modal 

decomposition, whale optimization algorithm along with the converter and used sample entropy 

to determine the appropriate number of decomposition levels and penalty factor for MVMD 

which is used to improve the overall performance and experiments show that this case due to 

other performance. Literature [14] designed cross-entity time fusion transformer, neural 

network model using cross-entity attention mechanism to model the correlation between entities, 

enhance the relationship between entities within the time window, reduce the computational 

complexity and reduce the computational error. In the study of literature [15], it is stated that 

the converter can accurately predict heat loads, efficiently operate factors such as heating and 

cooling and reduce emissions, can maximize the use of renewable resources, and shows 

relatively good results in the field of time series prediction. 

Therefore, this paper proposes a low-latency data governance and monitoring technique 

based on time series fusion Transformer and Neural ODE for energy metering in the whole link, 

which is designed to dynamically aggregate multi-dimensional time series correlations such as 

voltage, current, etc. by designing a multi-head self-attention mechanism by fusing Transformer 

with Neural ODE, and guaranteeing the time series causality based on the causality mask. The 

continuous time modeling characteristics of neural ODE are used to replace discrete 

computation, reduce the time consuming redundant reasoning, and ultimately realize link-wide 

low-latency data governance and monitoring. The research in this paper can effectively solve 
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the deficiencies of the existing data governance and monitoring system in dealing with massive 

data and real-time demand, and ensure that the data can accurately and well support the strategic 

decision-making of the enterprise. 

2 Time-Series Fusion Transformer with NeuroODE 

2.1 Overall structure 

In this paper, the timing-related features are fully considered, and the proposed method accepts 

a variable-length input sequence to identify the distribution of low-latency data [16, 17]. The 

overall architecture is shown in Fig. 1, with Transformer as the backbone network, which is 

composed of three modules, the first part is the energy metering data extraction network, which 

mainly consists of lightweight MobileNet V3, and performs feature extraction on the input raw 

data sequence. The second part is the feature refinement network, mainly composed of 

Transformer, which further extracts global spatial features and global attention features as well 

as temporal features from the feature maps extracted in the first part. The third part is the Neural 

ODE model, which performs real-time governance and anomaly detection based on the features 

obtained in the second part. 
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Figure 1: Overall Architecture 

The entire framework can be defined as a function: 

 m w h c nR R      (1) 

This function extracts the data sequences with m  frame size of w h  and number of 

channels of c  over a period of time t  to obtain the low-latency data distributions of n  

energy metering in the set m w h c

tS R     nR . The first part of this function extracts spatial 

features from the input raw data, defined as: 

    f t F S  (2) 

where F  denotes a mapping of the set m w h c

tS R     to the set m kR  . This function extracts 

features from the input data and maps them onto h -dimensional feature vectors, and then fuses 

the feature vectors extracted on the m -columns of data within time t  to obtain a feature set 
m k

tS R  . Therefore, here F  can be expressed as a fusion of m  feature extraction functions: 

 0 1 m

t t tF f f f    (3) 



Xu et al. 

4 

where   , 1,2,3, ,i

tf G s i m   denotes the feature extraction of the data in the i th column 

within the time series t , where   : m h c kG s R R   , and   denotes the join operator. 

The second part is to further extract the timing features from the features extracted in the 

first part F , mainly using the Transformer architecture for the feature analysis, and this 

process can be expressed as the following function: 

   t th H F S  (4) 

Among them, : m k tH R R   denotes a temporal feature mixing function, which extracts 

high-level abstract features including temporal features and global spatial features as well as 

global attentional features from the output of the first part. 

The last part is a classifier which classifies the features based on the previously extracted 

features, and maps the feature set tR  extracted in the previous two parts to a set of probability 

distributions nR  containing n  data sequences. This process can be represented as the 

following function: 

      t t ty Y h Y H F S   (5) 

where : t nY R R , ty  denotes the n -dimensional vectors of the n -data sequence. 

2.2 Transformer Encoder 

Based on the above, each data sequence within the temporal sequence t  is input into the 

lightweight MobileNet V3 feature extraction network to obtain the feature vector 

 1,2,3, ,i

tf i m , and then these feature vectors are input as a single vector into the 

embedding module, and then joined into the temporal embedding for stitching The total feature 

vector is obtained by fusion  tF S  input into the Transformer encoder for global attention 

coding to obtain the relevant timing feature vector. Figure 2 shows the temporal features and 

encoder structure, Figure 2(a) shows the temporal feature vectors, each sequence of data within 

the temporal t  is output through the first part of the feature extraction to obtain a module, here 

i.e.  1,2,3, ,i

tf i m . Then each module is passed through the Transformer encoder and 

combined with the timing embedding to obtain a one-dimensional vector input to the 

Transformer encoder [18]. Figure 2(b) shows the structure of Transformer encoder, there are 6 

connected Transformer encoders. 
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(b) Encoder structure 

Figure 2: Timing Characteristics and Encoder Structure 

2.3 NeuroODE model 

In this section, a feature extraction component has been designed using neural ODE, and based 

on this component the process of interaction and matching of input energy data features has 

been modeled, and the neural ODE interaction and matching process is shown in Figure 3. After 

going through the process of obtaining the deep feature information using the feature extraction 

component constructed using the neural ODE, and fully integrating it with the data embedding 

system, and the introduction of another data source, i.e., another data sequence representation 

with attentional information of the three features, the final matrix information representation 

obtained has been able to categorize the two input data sequences [19-21]. 
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Figure 3: Structure of Neural ODE Model 

After continued fusion of the matrix representation fused with global data information using 

the ODE-based feature component, a deeply learned feature vector representation is obtained. 

In order to retain the previously learned features of various dimensions, the previously obtained 

shallow embedding matrix, and the introduction of another feature representation with attention 

information are spliced to obtain the high-dimensional feature representations a  and b , 

following the principle of real-time energy metering of the whole link, this paper chooses the 

pairwise subtraction, pairwise multiplication, and the direct splicing of the three operations for 

the governance and monitoring of the energy metering in order to reflect the difference and 

similarity between high-dimensional features a  and b . The whole process can be expressed 

as: 

  ; ; ;y W a b a b a b        (6) 

where W  is a multilayer feed-forward neural network, while, in this paper, another simpler 

way of real-time data acquisition is used, i.e., only splicing operation is used, and this process 

can be expressed as Eq: 

  ; ;y W a b a b      (7) 

The final obtained y  is an un-normalized dataset with the dimension of the final obtained 

low latency data. In this paper, the argmax  function is used to obtain the final result, which 

is expressed as follows in Eq: 

  argmax iy y  (8) 

3 Low-latency data governance and monitoring 

3.1 Transformer Enhanced Dynamic Processing Capabilities 

3.1.1 Multi-attention mechanisms to enhance temporal correlation 

Transformer's multi-attention mechanism can help the energy metering system to solve the 

problem of a certain degree of gradient explosion or disappearance, and realize the dynamic 

aggregation of multi-dimensional time-sequence correlations such as voltage, current, etc., but 

not all of them are necessarily the most important time-sequence change features that are 

retained [22, 23]. Higher-level extraction of the initial extracted features of the energy metering 
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system can further enhance the model's ability to learn the data sequences implicit in the 

historical data. Based on this, it is proposed to enhance the time series correlation with 

Transformer by taking the intermediate vectors of the energy metering system as the underlying 

semantics, using the self-attention mechanism in the Transformer encoder to do parallel 

computation on the underlying data, and transforming the computation results of the self-

attention mechanism into further extracted multidimensional time series data through the fully-

connected layer. In addition, residual connectivity and layer normalization are performed 

between each sub-layer, enabling the system to always retain a portion of the original 

information during the continuous passing of the gradient, and to capture the dynamic 

relationship of the input data in time in a timely manner. 

The voltage and current extracted by the multi-head self-attention mechanism are used as 

aggregation vectors, and the recognition results are obtained after using the load data as a 

common input. Figure 4 shows the data processing process. For the load data, the input to the 

ODE model at the moment  1   is the sequence data  1 1, , ,N NX x x x       , where 

N  is the length of the sequence, and the real-time state 1h   and the vector state 1c   are 

updated according to the iterative process at that moment, after accepting the input sequence 

sequentially. 

Self-attention mechanism
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Input Data

Transformer
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Covariate i

Transformer

Linear layer

y
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normalization
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Figure 4: Data processing process 

As the real-time state 1h   and the vector state are co-passed into the Transformer encoder, 

within which the self-attention computation is performed, the real-time state is further extracted 

through the Transformer layer to obtain a sequence of features, denoted as TO . Finally, using 

this extracted feature sequence as the aggregation result of the multi-head attention mechanism, 

the same sequence data X  vector is spliced as a common input, and the data governance result 

ly  is obtained after the ODE model calculation: 

   * ;T TO Transformer X O  (9) 

 3 3l ly W O b   (10) 
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where *Transformer  represents the computational module of the multi-attention mechanism, 

lO  represents its output, and 3W  and 3b  are its corresponding voltage and current states, 

respectively. 

For the system load as a covariate input, considering that energy systems such as smart grids 

usually have small and relatively flat variations over the time horizon of short-term load 

forecasting, a separate multi-attention mechanism is used as a covariate for data computation 

in order to allow Transformer to focus on learning the energy metering laws. Since Transformer 

does not process each data in the sequence step by time step like recurrent neural networks, 

which will result in the input data losing the original order information, the order information 

can be encoded into the original sequence by neural ODE. Eventually, the multidimensional 

time series correlation of voltage, current, etc. is realized. 

3.1.2 Causal masks guarantee timing causality 

In order to guarantee and ensure the temporal causality based on causal mask, this paper designs 

the dynamic hierarchical Transformer sequence recommendation algorithm architecture, and 

the causal mask architecture is shown in Fig. 5. It mainly consists of four parts: Embedding 

embedding layer, dynamic hierarchy Transformer module, Transformer layer and fully 

connected output layer. Through Embedding embedding layer, the distributed representation of 

historical behavioral sequences and energy data is obtained. The Dynamic Hierarchy 

Transformer module performs layer-by-layer merging of neighboring blocks from the bottom 

up through the attention mechanism of neighboring blocks to form a multi-scale metering link 

and obtains a real-time state representation of the full link.The Transformer layer models the 

dependencies embodied in the low-latency data sequences by using the self-attention 

mechanism, and ensures the temporal causality through the ODE module [24, 25]. 
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Figure 5: Causal Mask Architecture 

3.2 Neural ODE modeling solution 

The ODE for ordinary differential equations is based on the iterative solution of the grid 

equations, where the residuals of the fine-grid equations are constrained to be solved on the 

coarse grid, and then the resulting solution is extended over the fine grid and combined with 

the original solution to form an exact solution on the fine grid [26]. The solution flow is shown 

in Fig. 6. The proposed neural ODE framework originates from the idea of combining multiple 
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grids to solve the equations. The numerical solution obtained by the physical information neural 

network and its gradient with respect to the input vectors are transferred to the new fully 

connected neural network, and a loss function is built for it to obtain the correction of the 

numerical solution, which is then combined with the numerical solution obtained by the 

physical information neural network to form the exact solution. 

( , )bL x 

( , )fL x 
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Figure 6: Solution Process 

For solving the constant partial differential equation, assume that the numerical solution 

obtained by the physically informative neural network solution is    * ; *
L

u x f x  , which 

is obtained by substituting it into the constant partial differential equation: 

 
   

 

xN u h x

u g x

 

 
 (11) 

According to Eq. (11), it can be seen that the numerical solution obtained by the physically 

informative neural network solution  *u x  has an error  *u u x    from the true 

solution u . This section considers a new fully connected neural network   for the error 

 ;
L

x   so that it satisfies the following equation: 

    ;x L
N u x h x      (12) 

      ;
L

u x x g x     (13) 

According to equation (13), the residual equation between the fully connected neural 
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network  ;
L

x   and the numerical solution  *u x  is constructed  ;r x  : 

      ; ;x L
r x N x u h x           (14) 

According to Equation (14), the loss function of the neural network  ;
L

x   is defined as: 

      ; , ;f f b bL x L x L x           (15) 

Among them: 

     
2

*

1

1
, ;

fN

i

f f

if

L x r x
N






 



   (16) 

where f

  is the weight factor between the loss functions, and 
i

fx  denotes the training set 

that satisfies the residual equations and boundary conditions, and in order to improve the 

computational accuracy, the training set is independent of each other from the training set 

selected by the neural network, and the loss functions in the neural network  ;
L

x   loss 

function  ;L x   that satisfies the numerical solution of the constant partial differential 

equation to replace the discrete computation and to reduce the time-consumption of redundant 

reasoning. 

3.3 Performance indicators 

In order to verify the accuracy of this paper's full-link low-latency data governance and 

monitoring technique for current/voltage mutation detection, four commonly used evaluation 

metrics, namely, Accuracy , Recall , Precision , and F1-value, are used to evaluate the 

detection accuracy. It is assumed that the data features in the dataset are categorized into two 

classes, positive and negative. TP  denotes the number of positive class detections predicted 

by the algorithm into positive classes, TN  denotes the number of positive class detections 

predicted into negative classes, FP  denotes the number of negative class detections predicted 

into positive classes, and FN  denotes the number of negative class detections predicted into 

negative classes. The formulae for each of the four rating indicators are: 

 
TP TN

Accuracy
TP FP FN TN




  
 (17) 

 
TP

Recall
TP FN




 (18) 

 
TP

Precision
TP FP




 (19) 

 
2

1=
Precision Recall

F
Precision Recall

 


 (20) 
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4 Analysis of the results of the energy measurement 

experiment 

4.1 Delayed data governance 

In order to verify the effectiveness of this paper's link-wide low-latency data governance and 

monitoring method in latency data governance, Spark-based link-wide low-latency data 

governance and monitoring, Zigbee network hybrid routing-based link-wide low-latency data 

governance and monitoring, Transformer-based link-wide low-latency data governance and 

monitoring, and neural ODE-based link-wide low-latency data governance and monitoring are 

used as the comparison items of this paper's temporal fusion Transformer and neural ODE-

based energy metering low-latency data governance and monitoring. data governance and 

monitoring, as a comparison item of this paper's timing fusion Transformer and neural ODE 

based energy metering all-link low-latency data governance and monitoring. The full-link 

latency data is governed by five full-link low-latency data governance and monitoring methods, 

including end-to-end data latency, peak processing latency, and model inference time 

consuming three aspects, and Table 1 shows the results of full-link latency data governance. It 

can be seen that, in the end-to-end data delay governance and peak processing delay process, 

Spark-based governance and monitoring method and Zigbee hybrid routing-based governance 

and monitoring method take more than 100ms, so the delay data processing time is too long, 

and it is very easy to cause the problem of anomaly detection lag; Transformer-based 

governance and monitoring and neural ODE-based governance and monitoring methods, end-

to-end data delay data is more than 100ms, and it is very easy to cause the problem of anomaly 

detection lag; Transformer-based governance and monitoring and neural ODE-based 

governance and monitoring methods, end-to-end data delay data is more than 100ms. 

monitoring methods, the end-to-end data delay governance and peak processing delay time is 

less than 50ms, and the governance speed is obviously higher than the former, but in comparison, 

in this paper, under the governance and monitoring method based on the temporal fusion of 

Transformer and neural ODE, the end-to-end data delay governance and peak processing delay 

time is less than 15ms, and the model reasoning time is only 9.53ms, which indicates that the 

method in this paper has the highest efficiency of delayed data governance. The method in this 

paper has the highest efficiency in delayed data governance, which helps in the real-time 

detection of data anomalies. 

Table 1: Results of End-to-End Latency Data Governance 

Governance and Monitoring Methods 

End-to-

end data 

latency/ms 

Peak 

processing 

latency/ms 

Model 

inferenc

e 

time/ms 

Spark-based Governance and Monitoring 147.46 189.33 - 

Zigbee-based Hybrid Routing Governance and 

Monitoring 
112.54 127.75 - 

Transformer-based Governance and Monitoring 49.57 75.52 25.48 

Neural ODE-based Governance and Monitoring 38.33 46.41 16.37 

Time-series Fusion Governance and Monitoring of 

Transformer and Neural ODE 
13.76 14.28 9.53 
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4.2 Detection accuracy 

The current/voltage mutation detection results are shown in Table 2, and the metrics evaluation 

results of the whole-link low-latency data governance and monitoring methods based on Spark, 

Zigbee network hybrid routing, Transformer, and neural ODE are all lower than 85%, and thus 

the overall accuracy of the current/voltage mutation detection is not satisfactory. However, the 

results of the current/voltage mutation detection metrics are around 98% after adopting the 

governance and monitoring methods of time-sequence fusion Transformer and neural ODE, 

thus indicating that the governance and monitoring methods based on time-sequence fusion 

Transformer and neural ODE in this paper can accurately detect current/voltage mutation. 

Table 2: Detection results of sudden current/voltage changes 

Governance and Monitoring Methods Accuracy (%) Recall (%) Precision (%) F1 (%) 
Spark-based Governance and 

Monitoring 
80.87 76.22 79.36 78.48 

Zigbee-based Hybrid Routing 
Governance and Monitoring 

83.68 77.46 81.54 80.45 

Transformer-based Governance and 
Monitoring 

81.46 80.75 82.33 79.47 

Neural ODE-based Governance and 
Monitoring 

79.12 84.35 83.41 83.49 

Time-series Fusion Governance and 
Monitoring of Transformer and 

Neural ODE 
97.95 98.37 98.25 97.91 

4.3 Resource utilization rate 

Resource occupancy is an important indicator of the performance of the full-link low-latency 

data governance and monitoring method, and the lower the edge-point memory occupancy, the 

smoother the operation will be in the device. The lower average CPU utilization will represent 

the lower complexity of the governance and monitoring algorithms, and the results of the 

resource occupancy rate are shown in Table 3. The governance and monitoring methods of 

Spark, Zigbee hybrid routing, and Transformer all occupy more than 3.6 GB of video memory 

at the edge point, and the average CPU utilization is higher than 60%, so the resource occupancy 

is high, which affects the running speed of the device; the governance and monitoring method 

based on neural ODE occupies 1.7 GB of video memory at the edge point, and the average CPU 

utilization rate is 52.4%, which is significantly better than the previous methods. However, in 

comparison, the governance and monitoring method based on temporal fusion Transformer and 

neural ODE occupies only 0.83GB of edge point video memory, with an average CPU 

utilization rate of only 37.6%. Therefore, it can be seen that the governance and monitoring 

method based on time-series fusion Transformer with neural ODE has the ideal performance 

advantage. 

Table 3: Resource Utilization Results 

Governance and Monitoring Methods 
Edge point video 
memory usage 

/GB 

Average CPU 
utilization /% 

Spark-based Governance and Monitoring 4.7 69.8 
Zigbee-based Hybrid Routing Governance and 

Monitoring 
4.1 60.3 

Transformer-based Governance and Monitoring 3.6 63.6 
Neural ODE-based Governance and Monitoring 1.7 52.4 
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Time-series Fusion Governance and Monitoring of 
Transformer and Neural ODE 

0.83 37.6 

4.4 Regularity and timeliness of data reporting 

Although low-latency data in the full link can realize data transmission in a very short time, the 

data is likely to be damaged and lost in the rapid transmission, so although the low-latency data 

can guarantee the real-time data transmission, it cannot guarantee the integrity and high quality 

of the data. In the process of governance and monitoring of all-link low-latency data, it is 

necessary to determine whether there is any abnormality in the data through real-time reporting 

of data, but if there is incomplete, inaccurate, untimely, and unstandardized data reported, it is 

impossible to accurately determine the abnormality of the data through the reported data, so the 

rate of completeness, accuracy, standardization, and timeliness is an important index for 

determining the qualification rate of the data reported. Figure 7 shows the data compliance and 

and timeliness, the data reporting pass rate under different governance and monitoring methods 

is shown in Figure 7(a), Spark, Zigbee hybrid routing, Transformer's governance and 

monitoring methods data reporting pass rate in are lower than 90%, and can not provide reliable 

data for the whole-link low-latency data governance and monitoring. While the reported data 

qualification rate of the neural ODE governance and monitoring methods are all around 90% 

and the data integrity rate is more satisfactory, the reported data qualification rate of the timing 

fusion Transformer and the neural ODE governance and monitoring methods are all around 

98%, which can provide more complete, accurate, standardized, and reliable data for the whole-

link low-latency data governance and monitoring, in order to promote the data in the whole-

link It can provide more complete, more accurate, more standardized and more reliable data for 

the governance and monitoring of all-link low-latency data, so as to promote the governance 

and monitoring of data in the whole-link transmission process and realize the real-time 

detection of data anomaly. 

Reporting data timeliness is shown in Fig. 7(b), the neural ODE governance and monitoring 

method will have an average delay of 46.3ms in the process of reporting data, which is 

significantly better than the delay of Spark, Zigbee hybrid routing, and Transformer's 

governance and monitoring method, but it still fails to satisfy the requirements of real-time 

governance and monitoring of the whole-link data. In contrast, this paper's timing fusion 

Transformer and neural ODE governance and monitoring method has an average delay of 

15.4ms when reporting data, and the low latency and high data quality fully satisfy the 

requirements of real-time governance and monitoring of all-link data. 
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(a) Data reporting pass rate under different governance and monitoring methods 

 

(b) Timeliness of data reporting 

Figure 7: Data reporting patterns and timeliness 

5 Conclusion 

In this paper, in order to carry out perfect daily metering statistics and heat balance and power 

balance tests for various energy-consuming equipment, so as to understand the energy 

utilization situation, we propose a research on low-latency data governance and monitoring 

technology for energy metering whole link based on timing fusion Transformer and neural ODE. 

And we analyze the effectiveness of the method proposed in this paper from four dimensions: 

delayed data governance, detection accuracy, resource occupation rate, and data reporting 

qualification rate. Under the governance and monitoring method based on timing fusion 

Transformer and neural ODE, the end-to-end data latency governance and peak processing 

latency are lower than 15ms, the model inference takes only 9.53ms, and the detection accuracy 
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of current/voltage anomalies is 98.25%. Under the governance and monitoring method based 

on neural ODE, the edge point memory occupied is 1.7GB, and the average CPU utilization 

rate is 52.4%, although the overall situation is more ideal, but in comparison, under the 

governance and monitoring method based on the timing fusion Transformer and neural ODE in 

this paper, the edge point memory occupied is only 0.83GB, and the average CPU utilization 

rate is only 37.6%. It can be seen that based on the timing fusion Transformer and neural ODE 

can realize the efficient and stable operation of the energy metering system, ensure the 

timeliness and completeness of the data, and facilitate the real-time governance and monitoring 

of the whole-link low-latency data. 
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