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Abstract: IoT-based environmental monitoring systems are crucial infrastructure for early forest fire warnings, playing a
decisive role in preventing disaster spread. However, field-deployed terminals face limitations in communication band-
width, computational power, and energy supply, hindering both real-time transmission of high-resolution images and on-
device deployment of complex neural networks. An edge-cloud collaborative forest fire recognition method was pro-
posed. Lightweight recognition and offloading models were deployed on terminals. Most images were processed locally
at the edge; only images challenging for the lightweight model were offloaded via the IoT network to a cloud center for

recognition. Recognition accuracy was balanced with the core IoT requirements of low latency, low bandwidth, and en-
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ergy efficiency. Ghost Module and ShuffleNetv2 were integrated in the designed lightweight fire recognition model, en-

hanced with an efficient channel attention (ECA) module, significantly reducing computational and storage demands. To

improve offloading decision effectiveness in dynamic IoT environments, a noisy double proximal policy optimization

(NDPPO) algorithm was proposed to train the offloading model. Comparative experiments validate the effectiveness of

this lightweight collaborative recognition approach for IoT-based forest fire monitoring.

Key words: forest fire identification, lightweight model, collaborative identification, strategy optimization algorithm, IoT

monitoring terminal
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(2) DDQN (dueling deep Q-network): DDQN
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(4) DPPO (double buffer proximal policy opti-
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SRR IX [ IR R EN E A
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27 P X 30 vt SRS AL AL B
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