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Abstract: This article proposes an improved THGS ResNet-18 recognition model for fast and accurate
recognition of rice brown spot images. Firstly, apply Tent chaotic mapping to improve the hunger game
search (HGS) algorithm, solving the problem of excessive randomness in the population initialization of
the HGS algorithm. Secondly, the improved HGS algorithm hyperparameter is applied to optimize
ResNet-18 model. Finally, the improved model THGS ResNet-18 was used to recognize 5 064 rice leaf
images, and compared with other four ResNet—18 models improved by swarm intelligence algorithm for
seven evaluation indicators. Experiments showed that the accuracy rate of the model proposed in this paper

increased by 5.22~6.09 percentage points, sensitivity by 3.53~5.31 percentage points, specificity by 7.38

Wris B #8:2023-07-24.

EE£WB 5 ME RS T H (2024PG1204 ) 5 5 #E BHE & BT H (20230508026RC ).

PEE B 2 (1981-), 3 882 W4 WFs 5 ) AR BE AR W ME B4 E-mail: liemperor@163.com
BIEEE ZEHIRK (1982-) , 4o, @20 82 181 . 0F 98 7 1) - 3 A2 . E-mail : 20353202@qq.com



- 1630 - TR K FF

(T % k)

% 55 %

percentage points, precision by 6.95~7.13 percentage points, recall rate by 3.53~5.31 percentage points,

f-measure by 5.22~6.20 percentage points, and g—mean by 5.24~6.13 percentage points.
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Fig.1 Rice brownspot and healthy leaves
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