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Abstract

The data in the field of power grid dispatching has multi-modal characteristics such as text, images, and time series. How to
deeply integrate these heterogeneous data is a key challenge in building an intelligent knowledge graph. The research aims
to construct and optimize a power grid dispatching knowledge graph based on multi-modal data fusion. To this end, a unified
framework integrating text, images, and time series data is proposed. This framework first uses joint extraction technology
to extract entity relationships from text; subsequently, an improved RESCAL model (fusing L2 regularization and data
augmentation) is introduced for knowledge embedding to enhance generalization ability; for the multi-modal association
problem, a cross-modal transformation network (CMTN) is designed to map different modal data to a shared semantic space
to achieve precise retrieval. At the system level, the perceptual hashing algorithm is integrated for fast similarity matching,
and a distributed storage architecture is adopted to ensure the efficient processing and dynamic update of massive multi-
modal data. Experimental results show that the joint extraction technique achieves high accuracy and recall in entity recog-
nition and relationship extraction tasks, with Fl-scores of 0.82 and 0.86 on the PowerGraph and OmniCorpus datasets,
respectively. The CMTN exhibits superior performance in cross-modal retrieval, with mean inter-modal similarities of 0.72
and 0.75 and Top-1 alignment accuracies of 0.85 and 0.88 on the two datasets. The constructed knowledge graph effectively
supports intelligent power grid dispatching by accurately representing and managing complex multi-modal data. The re-
search provides an effective solution for enhancing the representation, association, and update capabilities of grid dispatching
knowledge through multi-modal data fusion technology. At the same time, it can focus on the lightweighting and real-time
optimization of the model to promote the integration of this technology into online intelligent dispatching systems.
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i forms, covering various modalities such as text, images, time

1. Introduction series, etc. [1-2]. In recent times, Knowledge Graph (KG) has
garnered extensive focus within the domain of PG dispatch

As the power system grows more intricate, the intelligence of a5 an effective tool for knowledge representation and man-
Power Grid (PG) scheduling has become a key requirement  agement. It can transform complex PG data into structured
for the functioning of modern power systems. PG dispatching knowledge networks’ providing Support for intelligent PG
involves multiple types of data, including structured and un-  regulation. Text mining technology can extract valuable en-
structured data, with a wide range of sources and diverse tity, relationship, and event information from massive text
data, providing rich semantic content for the construction of
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KGs. It is one of the key technologies for efficiently con-
structing PG dispatch KGs. However, the data in the field of
PG dispatching is not only diverse, but also has the character-
istic of dynamic updates. At present, the construction of PG
dispatching knowledge map mainly depends on the pro-
cessing of single modal data, such as text-based relationship
extraction or image-based feature extraction [3-4]. However,
these methods are difficult to fully utilize the complementary
information of multi-modal data.

Currently, scholars have conducted research on the con-
struction of a KG for PG dispatching. Xiao N et al. proposed
a method for constructing and implementing a KG based PG
fault handling KG to address the low efficiency of infor-
mation management in PG fault handling. This method con-
denses a large amount of unstructured text content related to
PG faults into a structured knowledge network that can be
expressed, operated, and inferred. The outcomes showed that
this approach could validly improve the emergency response
capability and intelligent scheduling level of the PG [5]. Ji Z
et al. proposed a joint entity relationship extraction method
for PG scheduling fault handling based on pre trained models
to address the problems of diverse fault modes and difficult
control caused by the expansion of PG scale. This method
utilizes multi-source heterogeneous data from PG dispatch-
ing to construct a KG for PG dispatching fault handling, and
designs and develops a fault handling auxiliary decision-
making system based on the KG. The outcomes demonstrated
that the system could validly improve the capability to deal
with PG accidents and the level of intelligence in accident
management and control [6]. Liu Z et al. proposed a substa-
tion fault event inference method based on KG technology to
address the increasingly complex situation of safe operation
of the PG. By using the entity diagram, concept diagram,
business logic diagram, and historical case diagram of PG
equipment, combined with the key information flow after
fault signal analysis, and utilizing the logic, rules, and empir-
ical knowledge of PG operation and control, auxiliary deci-
sion-making for fault handling operation modes can be
achieved. The results indicated that it implemented the func-
tions of substation PG fault analysis and handling, and im-
proved the intelligent level of fault management [7].

The above research has achieved good results in construct-
ing a KG for PG dispatching, but there are difficulties in
cross-modal semantic alignment and low efficiency in large-
scale data processing. Based on this, a PG dispatch KG is
constructed by combining multi-modal data, aiming to im-
prove the efficiency and accuracy of KG construction through
improved KG embedding technology and cross-modal re-
trieval technology. The innovation of the research lies in pro-
posing an approach for constructing a PG dispatch KG based
on multi-modal data fusion, and combining distributed stor-
age and processing frameworks to achieve efficient expan-
sion and dynamic updating of the KG.

2. Methods and materials

2.1 KG embedding technology based on im-
proved RESCAL model

In PG dispatching, building an efficient & accurate KG is key
to intelligent regulation, with KG embedding and cross-
modal retrieval as key building links [8-9]. The study adopts
joint extraction technology, and first uses a pre-trained BERT
model to encode the input PG dispatch text. The input sen-

tence is defined as S , and the relevant embedded mathemat-
ical expression is shown in formula (1).

H = BERT(s) =[h,hy,, by, h,] (D

In formula (1), # represents the context embedding ma-
trix of the sentence. For the recognition of entity relationships,
the study uses conditional random fields to label the relevant
types and boundaries. The study defines the relationship clas-
sification task as a fine-grained classification problem to
solve relationship extraction. It uses a scoring function to
evaluate the relationship types between entities [10-11]. The
relevant mathematical expression is shown in formula (2).

score(h, h,,r,)=V" - fU"h+W"h +b") 2)

In formula (2), h and by are the embedding representa-
tions of the entity head and tail, "k represents the relationship

type, and f represents the activation function. For the loss
function (LF) of the joint extraction model, it needs to inte-
grate the losses of entity recognition and relationship extrac-
tion, and the relevant mathematical expression is shown in
formula (3).

Loss=L +al, 3)

In formula (3), L, and Ly are the losses of entity recogni-
tion and relationship extraction, and ¢ is the balance param-
eter. After implementing entity relationship extraction, the
RESCAL model is introduced into the bilinear model to em-
bed representations of entities and relationships. The sche-
matic diagram of its related entity relationship matrix is
shown in Figure 1.

Head entity

e

Scoring
function

Figure 1. RESCAL model relational matrix operation
diagram
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In Figure 1, the RESCAL model represents each entity as
a k -dimensional vector, while each relationship 7 is repre-

sented as a kxk matrix R . Therefore, for a triplet (,7,t),

the mathematical expression of its scoring function is shown
in formula (4).

score(h,r,t)=h" Rt 4)

(a) Just right

In formula (4), # and ! represent the embedding vectors
of the head entity and tail entity, respectively. Considering the
complex nature of PG dispatch data, the research introduces
L2 regularization and data augmentation methods to optimize
it and avoid overfitting. The relevant diagrams of normal fit-
ting and overfitting are shown in Figure 2.

(b) Overfitting

Figure 2. Diagram of normal fitting and overfitting phenomena

Figure 2 illustrates the differences between normal fitting
and overfitting phenomena. L2 regularization is one of the
most commonly used regularization methods, which con-
strains the complexity of the model by adding the sum of
squares of parameters to the LF. For RESCAL models, L2
regularization can effectively limit the size of entity embed-
ding vectors and relationship matrices, preventing parameters
from being too large [12-13]. The mathematical expression of
the regularization term is shown in formula (5).

L, =2 |lelk +2 IR IF) (5)

eeg reR

L,= Z (score(h,r,t)—y,.) +

(h,r,t)

AQ el +DNR I +y D>, max(0,1+score(h™,r,t)—score(h,r,t))

ees reR (h™ )€,y

In formula (6), s represents the negative sample set, and

score(h,r,1) and score(h”,r,t) represent the scores of pos-

itive and negative samples, respectively.

In formula (5), € is the entity set, € is the entity embed-

ding vector, R, is the relationship matrix, and A is the regu-
larization coefficient. In the KG of PG dispatching, data aug-
mentation can be achieved through generating negative sam-
ples, data perturbations, and other methods [14-15]. Firstly,

for a triplet of positive sample (h.r.1) , an entity " is ran-
domly selected to replace the head entity and generate nega-

tive sample (r.1) . Then an entity tis randomly selected
to replace the tail entity and generate negative sample

(,r,87) . At the same time, to distinguish between positive
and negative samples, the LF is optimized, and the mathemat-
ical expression of the LF is shown in formula (6).

(6)

2.2 Cross-modal retrieval technology based
on cross-modal transformation network

To cope with the complexity and heterogeneity of multi-
modal data within the domain of PG scheduling, a Cross-
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modal Transformation Network (CMTN) is studied to
achieve cross-modal retrieval [16-17]. Firstly, the network
extracts features from different modalities. For image modal-
ities, the VGG network is used for feature extraction. BERT
is used for extracting text modalities. The core of the CMTN
lies in the cross-modal attention module. Specifically, for two
modalities, cross-modal attention can be implemented
through formula (7).

0.k,
by,
Jdk)b

In formula (7), ¢ and ? respectively represent two mo-

¥, = soft max(

(7

dalities. 0, represents the query matrix of modality ¢, and

Ky and Y represent the key and value matrices of modality

b | respectively. To further enhance the interaction between
modalities, a multi-layer cross-modal Transformer architec-
ture is adopted for the CMTN. In terms of the selection of
LFs, the comparative LF finds extensive application in twin
networks and cross-modal retrieval tasks. The relevant math-
ematical expression of the comparative loss is shown in for-
mula (8).

N
L=t > y-d? +(1-y)-max(m—d,0)’

¢ ﬁ n=1

7 N 7
7 . N\
/" Preprocessing and "\
/ . \
;" feature extraction '\

; Structured data

—~
-
1

Power grid \ !
equipment /’ i

’ . . \
,/ Entity alignment and N
association \ /

\
pHash algorithm
o \

In formula (8), » represents the label of the sample pair,
y=1 and ¥~ 0

pairs respectively, ¢ represents Euclidean distance, and ™
represents hyperparameters. Finally, to improve the conver-
gence speed and training efficiency of the model, the Adam
optimizer is introduced to speed up the convergence of the
model.

represent positive and negative sample

2.3 Construction of KG for PG dispatching

The study further integrates multi-modal PG data and con-
structs a PG dispatch KG. This KG mainly consists of three
modules, namely the sub graph module of PG dispatch text
knowledge, the module of building PG dispatch image
knowledge base, and the module of cross-modal entity link-
ing. For the text knowledge sub-graph module of PG dispatch,
the BERT model is employed for text encoding and relation-
ship extraction, while the improved RESCAL model is used
for embedding the KG. By combining entities and their cor-
responding relationships, a textual knowledge sub-graph of
PG scheduling can be obtained. Regarding the construction
module of the PG dispatch image knowledge base, this study
introduces the Perceptual Hash Algorithm (pHash) to finalize
the establishment of the PG dispatch KG. This algorithm can
quickly identify and correlate similar PG data [18]. The pro-
cess based on pHash is shown in Figure 3.
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,” Fault identification is\
associated with

\ / knowledge graph N
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\

/
/ E Hash value \\
/ \

1 i \
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|
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I

\
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specification h \
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/

Figure 3. Flow chart of pHash

In Figure 3, the pHash can quickly identify similar data by
extracting features from these data and generating hash val-
ues. For image data, the pHash can generate corresponding
hash values to achieve fast retrieval and association of similar
images. For text data, the corresponding content is trans-
formed into feature vectors and then hashed using the pHash
for text similarity detection. After data processing and feature
extraction are completed, the pHash can align and associate
entities. By comparing the hash values of entities in different

data sources, it is possible to quickly identify identical or sim-
ilar entities, thereby achieving the fusion of KGs. Finally,
considering the strong diversity of PG data, similarity detec-
tion of hash values can be used to associate similar fault pat-
terns and form a fault knowledge base. Due to the dynamic
and large-scale nature of PG operation data, the research will
adopt distributed hash calculation and storage methods to im-
prove the pHash. Firstly, the PG data is divided into multiple
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subsets, and each subset is assigned a computing node. Sec-
ondly, on each computing node, the hash value for the allo-
cated subset of data is independently calculated to compute
the local hash. Finally, the hash values generated by all nodes
are aggregated into the master node to construct a global hash
table.

During the development of the KG for PG dispatching,
distributed storage is a key technology for dealing with mas-
sive data and dynamic update requirements. Its basic process
is shown in Figure 4.

[R]
Fault-tqleram

Hash sharding - algorithm -

Data distribution and  Data fault tolerance  Data migration and
consistency and recovery load balancing

B — ¥V — —
Range Replica
fragmentation mechanism

Data fragmentation

Figure 4. Basic flow of distributed storage

In Figure 4, distributed storage first involves data sharding,
and common sharding methods include hash sharding and
range sharding. The study uses hash functions to map data
keys to storage nodes, and the relevant mathematical expres-
sion is shown in formula (9).

node _id = h(key) mod

S

(€)

In formula (9), h(key) represents the hash function, 7

represents the storage node, and node_id represents the
mapping to the storage node ID. In data distribution and con-
sistency, the consistency model mainly balances consistency
and availability by adjusting the number of replicas, write
nodes, and read nodes. The relevant mathematical expression
is shown in formula (10).

{W+R>—N
(10)

W+R<N

In formula (10), W R and N respectively represent the
quantity of replicas, the quantity of write nodes, and the quan-
tity of read nodes. When W +R =N it was strong con-
sistency, while the opposite was weak consistency. In (e

of data fault tolerance and recovery, the replica mechanism
mainly stores multiple replicas of grid data on multiple nodes
to prevent single point failures. Finally, in data migration and
load balancing, data can be evenly distributed across storage
nodes through consistent hashing algorithms. The cross-

modal entity linking module is a crucial component in the de-
velopment of PG dispatch KG, which achieves semantic
alignment and ambiguity resolution between modalities by
processing multi-modal data. In the KG of PG dispatching,
the cross-modal entity linking module mainly realizes the as-
sociation between images and text, the association between
time series and text, as well as fault diagnosis and knowledge
retrieval. The research adopts a dual encoder architecture to
implement cross-modal entity linking modules. Firstly, fea-
ture extraction involves extracting feature vectors for both the
image and text separately. Next, feature mapping is per-
formed to align image features with text features. Next, the
similarity between the aligned feature vectors is calculated.
Finally, based on similarity, the image entities are linked to
the text entities in the PG KG.

3. Results

3.1 Performance evaluation of KG embed-
ding technology

The experimental environment for the study was as follows:
AMD Ryzen 9 9950X3D CPU, NVIDIA RTX 3060 graphics
card, 16GB of memory, and Windows 11 Professional oper-
ating system. The PowerGraph dataset and OmniCorpus da-
taset were selected for the dataset. The PowerGraph dataset
contains various task data for power system analysis. Om-
niCorpus is a large-scale multi-modal dataset that contains
billions of images and text interlaced data. The study first
compared the accuracy of entity recognition and relationship
extraction, while introducing feature level fusion multi-
modal technology, Transformer multi-modal model, and tra-
ditional pipeline method for comparison. Therefore, the per-
formance comparison based on the four technologies is
shown in Figure 5.

B PowerGraph
- [ OmniCorpus

Figure 5. Performance comparison of the four technol-
ogies
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Figure 5 indicates the performance comparison of four KG
embedding techniques. On the PowerGraph dataset, the F1-
score of the joint extraction technique was 0.82, which was
higher than traditional pipeline methods (0.74), feature level
fusion multi-modal techniques (0.78), and Transformer
multi-modal models (0.76). On the OmniCorpus dataset, the
Fl-score of the joint extraction technique was 0.86, higher
than traditional pipeline methods (0.80), feature level fusion
multi-modal techniques (0.82), and Transformer multi-modal
models (0.81). The results indicated that the joint extraction
technique could achieve a more balanced balance between ac-
curacy and recall in entity recognition and relationship ex-
traction tasks of PG dispatch text data. The study further val-
idated the advantages of the improved RESCAL model
through ablation experiments, as presented in Table 1.

Table 1. Ablation results

Data Ac- L Bal-
set Model configuration cu- o  anced
name racy ss accuracy
RESCAL 0.75 g' 0.68
_ 0.
RESCAL+L2 regulariza- 7o 5 (74
tion
5
Power- 0
Graph  RESCAL+Data en- 082 2 076
hancement 4
RESCAL + L2 regulari- 0.
zation + data enhance- 0.85 2 0.8
ment 2
0.
RESCAL 078 2 0.72
8
. 0.
RESCAL+|—2 regulariza- 083 2 077
Om- tion 3
niCor- 0
pus RESCAL+Data €N 084 2 079
hancement 2
RESCAL + L2 regulari- 0
zation + data enhance- 0.87 ,° 0.83

ment

In Table 1, the improved model accuracy on the Power-
Graph dataset increased from 0.75 to 0.85, the balanced ac-
curacy increased from 0.68 to 0.80, and the loss value de-
creased from 0.30 to 0.22; The improved model accuracy on
the OmniCorpus dataset increased from 0.78 to 0.87, the bal-
anced accuracy increased from 0.72 to 0.83, and the loss

2 EA

value decreased from 0.28 to 0.20. The outcomes indicated
that the use of L2 regularization and data augmentation sig-
nificantly improved the generalization ability of the RESCAL
model.

3.2 Performance evaluation of cross-modal
retrieval technology

After verifying the excellent performance of the KG technol-
ogy, the study further compared the performance of CMTN
in aligning PG data of different modalities into a shared se-
mantic space. The result is shown in Figure 6.

Mean inter-modal Alignment accuracy Mean inter-modal Alignment accuracy

similarity (Top-1) similarity (Top-1)
— Standard deviation of ___ Alignment accuracy — Standard deviation of ___ Alignment accuracy
inter-modal similarity (Top-5) inter-modal similarity (Top-5)
Previous approach-3-1-e . ° Previous approach-31—e .
Previous approach-21—e . ° Previous approach-2-1—e . 4
2 Previous approach-1-{ e . ¢ ] Previous approach-1-] e . °
g MmAP-3- o Pl s MmAP-3 o Fad
B MmAP-24 e . = MmAP-24 o .
& MmAP-1- o e 5 MmAP-14 o )
CMTN-3e i CMTN-3e s
CMTN-24-» < ° CMTN-24 - >
CMTN-1e radl CMTN-14 e >
0.0 0.5 1.0 15 0.0 0.5 1.0 15

Numerical value Numerical value

(a) PowerGraph dataset comparison (b) OmniCorpus dataset comparison

Figure 6. Shared semantic spatial representation con-
trast

In Figure 6, the results showed that CMTN exhibited
the highest mean inter modal similarity on both datasets,
indicat-ing its ability to more effectively map different
modal data to a shared semantic space. Meanwhile, the
alignment accuracy of this model was significantly higher
than other methods, es-pecially in Top-1 accuracy, with
values of 0.85 and 0.88, re-spectively. In summary,
CMTN could more effectively achieve semantic
alignment of different modal data, and at the same time, it
could more accurately complete cross-modal retrieval tasks,
reducing the possibility of mismatches. The study further
compared the Top-1 accuracy of various meth-ods under
different training checkpoints, and the results are shown in
Figure 7.
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(a) PowerGraph dataset comparison

-~ CMTN

. -  MmAP
§‘ . Traditional method
3 0.9
s
‘g 0.8
g
f=}
200.7
<
g- 0.6
[_‘

0.5 — T T T T T T T T 1

0o 1 2 3 4 5 6 7 8 9 10
Training checkpoint

(b) OmniCorpus dataset comparison

Figure 7. Top-1 Comparison of alignment accuracy over training time

In Figure 7, CMTN showed high Top-1 alignment accu-
racy in the early stages of training (checkpoint 1), with values
of 0.62 and 0.64, respectively. Meanwhile, in the later stages
of training, the gap with other methods gradually increased,
with corresponding accuracies of 0.89 and 0.91 for check-
point 10. The results showed that the performance improve-
ment of CMTN was relatively stable, and it exhibited good
stability and convergence during the training process.

3.3 Analysis of the effect of building a KG for
PG dispatching

After comparing the performance of CMTN in aligning PG
data of different modalities into a shared semantic space, the
study finally verified the effectiveness of constructing a PG
dispatch KG. The study first characterized the frequency of
significant entries in the KG of PG dispatching, as presented
in Figure 8.

se
Emergency respon

Supervisory control Power qually

st Dreakdown

Demand side management

- dispatch -

Smart grid

Power grid

optimize s
Renewable energy

pment

d personnel

Electricity market
Energy storage system

equi
~ loa

Figure 8. Grid dispatching knowledge map entry nu-
merical map

Figure 8 indicates a comparison of significant entries in
the KG of PG dispatching, where larger fonts indicated higher
frequency of occurrence. The results indicated that the term
"PG" had the highest frequency of occurrence as the core con-
cept, at 12521 times. Secondly, there were 8536 occurrences

of scheduling and 7121 occurrences of equipment, indicating
the importance of grid scheduling activities and equipment
management in grid operation. In addition, the entries also
included some related to human resources and the environ-
ment, such as personnel, environmental impact, etc. Finally,
the validity of multi-modal data fusion in PG dispatch KG
was compared and studied, and the outcomes are in Table 2.

In Table 2, on the text knowledge sub-graph module, RES-
CAL outperformed traditional feature concatenation and
GNN methods in accuracy, recall, and F1-score, while having
a shorter processing time of only 230.4ms, demonstrating its
advantages in text data processing. On the image knowledge
base module, the pHash outperformed traditional feature
stitching and GNN methods in accuracy, recall, and F1-score.
The processing time was also shorter, with a value of 240.1ms.
The dual encoder architecture of the modal entity linking
module outperformed the other two methods in all perfor-
mance metrics. Especially in processing time, it was signifi-
cantly shorter than traditional feature concatenation and GNN
methods. This demonstrated the excellent ability of the dual
encoder architecture in fusing multi-modal data.

Table 2. Numerical table of multi-modal data fusion ef-

fect
Ac- Re- F1-  Pro-
Module Method cu- call  Scor cessing
name name racy (%) e(%  time(m
(%) ) s)
RESCAL 885 5O 874 2304
Text Tradi-
knowledge tional fga- 82.1 79. 80.9 3002
subgraph ture splic- 8
module ing
GNN 854 o 848 2807
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pHash 897 o' 886 240.1
Image Tradi-
knowledge ~ tonalfea- g5 83 g5 2801

ture splic- 2
base module .

ing

86.

GNN 88.1 4 87.2 260.4

Dual en- 91

coder ar- 924 1' 91.7 220.6
. chitecture
Link modules .

Tradi-
across- tional fea- 84
modal enti- : 86.5 854 290.8
. ture splic- 3
ties .

ing

87.
GNN 89.2 6 88.4 270.3

4. Discussion

To address the issue of diversified and dynamically updated
data forms within the domain of PG dispatching, this study
used joint extraction technology to achieve entity recognition
and relationship extraction of PG dispatching text data. An
improved RESCAL model was introduced for KG embedding,
and CMTN was used for semantic alignment and cross-modal
retrieval of multi-modal data. Finally, a PG dispatching KG
was constructed by combining pHash and distributed storage
technology. In the research results, the joint extraction tech-
nique achieved an F1-score of 0.82 on the PowerGraph da-
taset and 0.86 on the OmniCorpus dataset, both higher than
other traditional methods. This indicated that it could achieve
a more balanced balance between accuracy and recall in PG
dispatch text data processing, and had better overall perfor-
mance. This aligns with the research outcomes of Liu P et al.,
who proposed a method for constructing an aviation assem-
bly KG based on a joint knowledge extraction model, and the
results showed the advantages of the joint knowledge extrac-
tion model in the field of aviation assembly [19]. In cross-
modal retrieval technology, CMTN exhibited the highest
mean similarity between modalities on both datasets (Power-
Graph was 0.72, OmniCorpus was 0.75), with Top-1 align-
ment accuracies of 0.85 and 0.88, respectively, indicating that
it could more effectively achieve semantic alignment of dif-
ferent modal data and reduce the possibility of mismatches.
In terms of the construction effect of the PG dispatch KG,
RESCAL had an accuracy of 88.5% in the text knowledge
sub-graph module, pHash had an accuracy of 89.7% in the
image knowledge base module, and the dual encoder archi-
tecture had an accuracy of 92.4% in the cross-modal entity
linking module, all of which had relatively short processing
times, demonstrating the efficiency and superiority of each
module in multi-modal data fusion. This aligns with the out-
comes of Shang Y et al., except that they used the pHash to
screen representative images of entities in the multi-modal
KG, in order to improve the quality and consistency of image
information in the multi-modal KG [20].

In conclusion, the knowledge graph constructed by the re-
search institute has superior performance and performs well
in multi-modal data fusion.

5. Conclusions

The research on the construction of PG scheduling KG
through joint extraction technology, improved RESCAL
model, cross-modal retrieval technology and multi-modal
data fusion has significant advantages in terms of accuracy,
recall rate, similarity between modalities and processing effi-
ciency. The research verified that multimodal data fusion was
the key path for building a more comprehensive, intelligent
and adaptive knowledge system for power grid dispatching.
It not only improved the accuracy of knowledge extraction in
a single modality, but also discovered deeper integrated
knowledge through cross-modal correlation. However, there
are still certain deficiencies in the research. Although CMTN
performs well in cross-modal retrieval, when dealing with
large-scale real-time data, the computational efficiency and
resource consumption of this model still need to be optimized.
The future work will initially focus on the research of system
lightweighting and edge deployment to reduce computational
costs. On this basis, the research plan will collaborate with a
domestic regional power grid dispatching center to conduct
pilot application research. The specific case study will be cen-
tered around the scenario of "grid stability assistance deci-
sion-making under high proportion of new energy", integrat-
ing the knowledge graph system into the actual dispatching
data platform to verify its fault diagnosis speed, scheduling
plan recommendation accuracy, and system throughput ca-
pacity in a real dynamic environment.
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