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Fig.2 CPUE distribution of Thunnus alalunga from 13 fishing vessels in the tropical waters of Atlantic Ocean in 2016~2019
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COMPARISON ON FISHING GROUND FORECAST MODELS OF THUNNUS
ALALUNGA IN THE TROPICAL WATERS OF ATLANTIC OCEAN

SONG Li-Ming"? REN Shi-Yu', HONG Yi-Ran', ZHANG Tian-Jiao', SUI Heng-Shou®, LI Bin’,
ZHANG Min"?

(1. College of Marine Sciences, Shanghai Ocean University, Shanghai 201306, China; 2. National Engineering Research Center for
Oceanic Fisheries, Shanghai 201306, China; 3. CNFC Overseas Fisheries Co, Ltd, Beijing 100032, China)

Abstract To improve the accuracy of the forecast model for albacore tuna (Thunnus alalunga) fishing ground in the tropical waters
of Atlantic Ocean, seven fishery forecast models, e.g. k-nearest neighbor (KNN), logistic regression (LR), classfication and regression
tree (CART), support vector machine (SVM), random forest (RF), gradient boosting decision tree (GBDT), and stacking ensemble
learning (STK) model were used and compared based on the data of 13 tuna longliners of Chinese fishing enterprises from 2016 to 2019
in the high seas of the Atlantic Ocean (19°16'S~16°21'N; 46°27'W~2°09'E). Using environmental factors (temperature, salinity and
dissolved oxygen) at different water layers from 0 to 500 m, as well as chlorophyll-a concentration, sea surface wind speed, eddy kinetic
energy, and mixed layer depth, the relationship between albacore tuna CPUE and the environmental factors were analyzed. Seventy-five
percent of the data were taken as training data and 25% as test data. The performance of each model was evaluated by prediction
accuracy (ACC) and area under receiver operating characteristic curve (AUC). Relationships between CPUE (catch per unit of effort)
and marine environmental factors were established. Results show that: (1) the prediction performance of STK model was obviously
better compared with other models and its ACC and AUC is 75.92% and 0.742, respectively; (2) the areas of central fishing ground
predicted by STK model for albacore tuna is consistent with the actual fishing ground generally; (3) the marine environmental factors
that affect the distribution of albacore tuna fishing grounds in the Atlantic Ocean included mainly temperature and salinity of 100 m layer,
and dissolved oxygen at 100, 150, and 500 m layer. The accuracy and the prediction performance of the STK model is high for albacore
tuna fishing ground forecast in the tropical waters of Atlantic Ocean.

Key words Thunnus alalunga; fishing ground forecast model; comparative study of model performance; tropical waters of
Atlantic Ocean



