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Abstract: A knowledge graph enhanced cross modal image description model is proposed to address the lack of characterization of potential
risks and domain knowledge support in transmission line scenarios. Based on four common scene objects including power towers, trees, vehi-
cles, and insulators, an image English description dataset is constructed through manual annotation and image enhancement methods. During
the encoding phase, a domain specific knowledge graph is constructed based on this dataset to enhance the visual feature extraction capability
of the CLIP cross modal model. To enhance the interaction ability between modalities, a lightweight LLM Adapter module is designed to dy-
namically fuse visual and textual features through a gated cross attention mechanism. Input the obtained language perception visual features as
prefixes into a large language model to generate the final descriptive statement. The experimental results show that the proposed model has im-
proved evaluation indicators such as BLEU-4, CIDEr, and SPICE compared to the control model on both the self-made dataset and the MS
COCO 2014 public dataset. The BLEU—4 value reached 0.45, and the generated descriptive text was more coherent and rich in content.
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Fig. 3 Example of knowledge graph
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Fig. 4 GCA module structure
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Table 1 Experimental hyperparameter settings
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Table 2 Example description of transmission line dataset
R2 HBEBHIEEHIRRG
K4 SUAH IR

1.There is a moving vehicle on the road.

5
Jo

2.A picture of a moving vehicle.
3.There is a white car on the road.
4.A picture with trees and vehicle.

5.Above the vehicle, there are power
lines.
1.There are normal insulators on the
power tower.
2.The two insulators across the tower
are normal.
3.There is an electricity tower with two
insulator strings hanging on the green

grass.

4.Standing in a field is a power tower
adorned with insulators.
5.There stands a power tower with insu-
lators.
1.Damaged grey insulators are vertical-
ly strung on an power tower .
2.This gray insulator string is damaged.
3.This hanging gray string of insulators
is damaged.

4.The suspended string of gray insula-

tors has been damaged.

5.This hanging gray disc shaped insula-

tor string is broken.

1.There are numerous trees located be-
neath the power tower.

2.A multitude of trees can be found un-

derneath the power tower.
3.The power tower is surrounded by a

large number of trees.

4.There is a profusion of trees beneath
the power tower.
5.A plethora of trees exists under the
power tower.
1.The branches of many trees overshad-
ow the power towers.
2.0vergrowth has resulted in numerous
tree branches obscuring transmission
towers.
3.The branches of a large number of
trees shade that covers the transmission

towers.

4.Lots of tree branches overshadowing
the transmission towers.
5.Numerous tree branches shading

transmission towers.
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Table 3 Comparison results of performance indicators of various

models on self-made transmission line dataset

R3 BRAEAHIMBERIEE ENERIERILRER

i) BLEU-4  CIDEr  METEOR  SPICE  ROGUE
CNN-NIC 0.230 0.780 0.231 0.180 0.470
CLIPCap 0.265 0.932 0.246 0.200 —
Transformer 0.232 0.821 0.254 0.170 0.480
MTransformer  0.246 0.928 0.271 0.236 0.474
Up—Down 0.250 0.917 0.230 0.230 0.466
RFNet 0.320 0.955 0.272 0.209 0.470
RSTNet 0.283 0.901 0.270 0.232 0.446
Oscar 0.420 0.972 0.285 0.245 —
GCN-LSTM 0.310 0.955 0.270 0.220 0.445
CNet-NIC 0.340 0.915 0.234 0.230 0.450
AR 0.450 0.973 0.293 0.251 0.495
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Table 4 Comparison of image text generation results between the proposed model and other models
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Transformer:In the sky, there are towering power structures.
Up-Down:There are power towers in the sky.
CLIPCap:The towers hanging many insulators.

Ours: A power tower adorned with insulators stands tall in the sky.

Transformer: A power tower stands tall nearby.
Up-Down:A power tower stands in the blue sky.
CLIPCap:In the sky,a towering power tower stands proudly.

Ours: A red car is parked next to a power tower in the distant skyline.

Transformer: This is a train on tower.
Up-Down: There are two insulators on the tower.
CLIPCap:There is an insulator and net is the tower.

Ours: The narmal insulator horizontally on the tower.

Transformer: There are many trees under sky.
Up-Down:There’s a lot of power lines in the sky.

CLIPCap:This is a truck under the transmission line.

Ours: Above the construction vehicle, there are numerous power transmission lines in the sky.
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Fig.5 Ablation experimental results of the KAR module
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a. This hanging brown insulator

string has damage on it.

i A b. This insulator string is
I damaged.
i 7 a. There is an excavator working
——— under the power tower.

b. There is a lake next to the

power tower.

Fig. 6 Qualitative analysis results of KAR module
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Fig.7 Ablation experimental results of the GCA module
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Fig. 8 Visualization of attention weights in text generation
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Table 5 Comparison of the performance of different models on MS
COCO dataset
®5 TEMS COCOHRE ERRER ERELLE
R BLEU-4 METEOR CIDEr SPICE
NIC 0.245 0.235 — —
CLIPCap 0.320 0.270 1.08 0.200
Up-Down 0.363 0.277 1.20 0.216
Oscar 0.360 0.300 1.20 0.237
CNet-NIC 0.404 0.302 1.24 —
AR 0.430 0.305 1.21 0.219
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Table 6 Visualization result of different models on the MS COCO da-

taset

£6 AEHEAEEMS COCOHBE FHAHNLER

I SR AR

CLIPCap: A train on a road with trees
and power lines
CNet-NIC: Red train on a mountain

with trees and power lines.

Ours: A red train moving along a road
g g

surrounded by trees and power lines.

CLIPCap: Town road with traffic lights
and cars.
CNet-NIC: A street with traffic lights
and buildings.

Ours: A town street with traffic lights,

parked car, and buildings..
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