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Abstract: General-purpose vision-language models have shown strong performance on widely used multimodal bench-
marks, yet a systematic understanding of their true capability boundaries in industrial fine-grained perception, visual
reasoning, and hallucination resistance remains lacking. In power grid inspection, generic multimodal benchmarks often
fail to cover the large variety of domain-specific targets, prominent small-target defects, complex imaging perspectives,
and the high cost of false alarms. To address the mismatch between existing generic benchmarks and the demands of re-
al-world power inspection, this paper presents MM-Power, a multimodal benchmark tailored to power grid inspection
scenarios. MM-Power contains 2 708 multiple-choice questions organized into three tracks and 12 tasks, covering fi-
ne-grained perception, visual-semantic consistency and hallucination assessment, and visual reasoning. The benchmark
spans visible-light and infrared modalities, transmission/substation/distribution scenarios, five acquisition perspectives in-
cluding pan-tilt cameras, unmanned aerial vehicles, robots, handheld cameras, and handheld infrared thermometers, and

130 categories of equipment states, defects, and anomalies. Based on a unified evaluation of 16 representative proprietary
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and open-weight vision-language models with both English and Chinese prompts, the best model achieves only 77.34%

overall accuracy in English and 75.54% in Chinese. Significant weaknesses are observed in existence judgments, nega-

tive-sample identification, and spatial relation reasoning, while prompt language also has a noticeable impact on the

industrial-scenario performance of some models. These findings indicate that current vision-language models are still far

from reliable deployment in practical power inspection, and MM-Power provides a unified benchmark for future evalua-

tion, optimization, and deployment of multimodal models in the power domain.

Key words: vision-language model; power grid inspection; multimodal benchmark; hallucination evaluation; visual rea-

soning; industrial intelligence
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Table 1 Statistics of track and task scales in MM-Power
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Fig.3 Representative task examples from MM-Power (presents real-world business images corresponding to typical tasks)
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“You are a senior power inspection expert with 20
years of experience. You possess keen visual recogni-
tion capabilities and are well-versed in the various
components of transmission and distribution lines and
substation equipment (such as insulators, towers, fit-
tings, transformers, etc.) as well as their common

defects (such as breakage, rust, foreign objects, bird

nests, vegetation encroachment, etc.). Please carefully
analyze the uploaded power inspection image and
answer the following multiple-choice question. You
must output only one of the options (4), (B), (C), (D)
without providing any explanation. For example, out-
put: (A).
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Table 2 Vision-language models participating in the evalua-

tion and their version details
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Gemini-3-Pro 77.34
Gemini-3-Flash 76.64
Gemini-2.5-Pro 7147

Qwen3-VL-Think 70.58
GLM-4.5V 70.23
Qwen3-VL-Inst 69.62
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9 gemini-2.5-flash 1214 +7 Google
10 claude-opus-4-20250514-thinking-16k 1210 +15 Anthropic

(b) A IR SR IR A AE 308 AL 5 KA A5 e ) A2
Bl 4 @AM RS MM-Power H KT B HE I
BT HE4 72 57
Fig.4 Ranking differences between a general vision-language

leaderboard and the MM-Power power inspection benchmark
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Table 3 Comparison of overall accuracy of each model under

Chinese and English prompts

K . YOCHER  hOCHER ?Eﬁ@if
/% Z/% H)%

Gemini-3-Pro Google 77.34 75.54 -1.81
Gemini-3-Flash ~ Google 76.64 75.44 -1.19
Gemini-2.5-Pro  Google 71.47 69.91 -1.55
Qwen3-VL-Think [ H 70.58 69.64 -0.95
GLM-4.5V i 70.23 70.76 +0.53
Qwen3-VL-Inst [ HL 69.62 69.32 -0.30
Qwen-VL-Max  [i[H 2 67.89 68.08 +0.19
GPT-5.1 OpenAl 67.26 67.13 —-0.13
Qwen2.5-VL-72B  [i[HL 65.60 65.65 +0.05
HunYuan-T1 Ji 64.80 68.16 +3.36
Claude-Opus-4  Anthropic 64.63 64.73 +0.10
ChatGPT-40 OpenAl 63.07 60.97 -2.10
HunYuan-Large it 61.38 61.56 +0.18
Step-3 RN 60.13 61.95 +1.82
Claude-Sonnet-4 Anthropic 59.76 57.68 -2.08
InternVL3-78B OpenGVLab  36.75 41.21 +4.46
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top of the bars to highlight the impact of language factors on evaluation in industrial scenarios)
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Table 4 Average accuracy of representative models across the three tracks
TEIHETE /%
R
Track 1-EN Track 1-ZH Track 2-EN Track 2-ZH Track 3-EN Track 3-ZH Overall-EN Overall-ZH
Gemini-3-Pro 79.70 78.20 75.38 74.84 74.79 71.90 77.34 75.54
Gemini-3-Flash 79.65 80.46 75.09 65.82 72.90 72.74 76.64 75.44
Gemini-2.5-Pro 75.49 75.43 70.88 63.56 65.73 64.81 71.47 69.91
Qwen3-VL-Think 71.27 69.37 73.86 7591 67.90 66.90 70.58 69.64
GLM-4.5V 71.47 72.86 74.01 75.16 66.48 65.42 70.23 70.76
GPT-5.1 66.97 68.03 75.68 78.28 63.48 60.20 67.26 67.13
ChatGPT-40 70.68 69.28 36.71 39.30 64.82 59.35 63.07 60.97
HunYuan-T1 66.04 70.41 64.96 72.70 62.87 62.52 64.80 68.16
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