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Fig.1 Examples of images of different olive cultivars
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Table 1 Characteristics of olive in different cultivars
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Note: Conv denotes convolution, MBConv denotes mobile inverted bottleneck convolution, f; denotes olive image feature extracted by EfficientNet-B0-A, f; denotes
olive image feature extracted by EfficientNet-B0-B, k 1x1, k 3x3 and k 5x5 denotes convolution kernels of sizes 1x1, 3x3 and 5x5, respectively.
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Fig.2 Network structure of bilinear attention EfficientNet
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Table 2 Network structure of EfficientNet-B0O model

Fr B B gt IR i Z

Stage Type Resolution Channels Layers
1 Conv, k3x3 224x224 32 1
2 MBConv 1, k3x3 112x112 16 1
3 MBConv 6, k 3x3 112x112 24 2
4 MBConv 6, k 5x5 56x56 40 2
5 MBConv 6, k 3x3 28%28 80 3
6 MBConv 6, k 5x5 14x14 112 3
7 MBConv 6, k 5x5 14x14 192 4
8 MBConv 6, k 3x3 77 320 1
9 Conv, k 1x1, Pooling, FC Tx7 1280 1

#: Pooling F/nibibE, FC RREERE.

Note: Pooling denotes pooling layer, FC denotes fully connected layer.
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Note: BN represents batch normalization, Swish represents Swish activation
function, DWConv represents deep convolution, AvgPooling denotes average
pooling, Sigmoid represents Sigmoid activation function, Dropout denotes
random deactivation layer, and SE denotes squeeze and excitation.

B 3 MBConv &M =& H
Fig.3 Structure diagram of MBConv
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Table 3 Quantitative evaluation results of olive cultivar

identification

Al FLoy% fESR A SAHERRR

F1 score Inference time Overall accuracy

Y R eAEN

Cultivar Precision  Recall

P/% R 1% I/ms 0,/%
sz*il%io 88.89 88.89 88.89
L?(?C%lo 92.98 88.33 90.60
] 9.15 90.28
i
Picholine ~ 90-27 92.78 91.51
SRAE 8 5

Eshig 8913 9LIl  90.11

FHEE 3 AT, FrER B B0 4 AN i oS b b i e A
HERRILF] T 90.28%, HEFHNF AN 9.15 ms. 7£ M
RIS 4 SRS SRR, BT R AR R R HI R B R
Ry, HKEHR. BEERM F1 2555 50E2] T 90.27%-
92.78% A1 91.51%. £, P #4525 il £ S 2
RS BIR . H R F1 28005108 92.98%. 88.33%
F190.60%; SEAE 8 T HIRAE R HRIEM F1 5%
3N 89.13%. 91.11% A1 90.11%. 5 Rz HIF] . 3E 2 A
GOAE 8 S AH L, BT AR AR T XT3 B R B AR R
Z, [HHKEWR. HHEMF 533058 7 88.89%.
3.2 HRbiAILER

W Rl 56 56 1E X2 1 X 4% A CBAM ¥ & 1% i
BIORE 0 P R 0 R, SRR 4 FoR . nTRUR I,
£ EfficientNet f& % i 5] A\ CBAM V& 7% /7 Fl 5 2 XU £k v
PR 284 v T IO A U AR

K4 WEMEE S EfficientNet B FYERR IS 458

Table 4 Ablation experiment results of bilinear attention

EfficientNet model
— -
R iR PM RN FIM Lms 0%

B 72.16 70.56 71.35
¥E  76.19 80.00 78.05
FHIF]  81.60 73.89 77.55
SRHE 8 5 7240 7722 74.73
B 80.46 77.78 79.10
¥R 79.89 81.67 80.77
FHIF 8452 78.89 81.61
FhRE 8 5 7732 83.33 80.21
B 86.71 83.33 84.99
ML EfficientNet HE 8556 85.56 85.56
Bilinear EfficientNet JZEIF 89.67 91.65 90.66
TR 8 5 83.61 85.00 84.30

B 88.89 88.89 88.89

WLEVETE 5 /7 EfficientNet  SEE 9298 88.33 90.60
Bilinear attention EfficientNet 7 %|%| 9027 92.78 91.51
SRR 8 5 89.13 91.11 90.11

EfficientNet-BO 8.93 7542

EfficientNet-CBAM 9.06 80.42

9.14 86.39

9.15 90.28
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Fig.6 Confusion matrix of different methods to identify olive cultivars
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Abstract: The extensive range of olive cultivars available in the market exhibit minor differences in their phenotypic traits.
Nonetheless, their quality attributes, particularly the oil content and fatty acid composition, significantly differ among distinct
cultivars, resulting in the emergence of use iinferior products as superior products in the market. The accurate and quick
identification of olive cultivars holds significant importance in enhancing the production and quality of olives. As such, delving
into the study of olive cultivar identification is crucial for the advancement of the olive industry. This study presents a novel
approach to address the challenge of identifying olive cultivars in natural conditions. Specifically, a bilinear attentional
EfficientNet model is proposed, which incorporates the bilinear network design concept and attention mechanism. The model is
trained and evaluated using four commonly planted olive cultivars (i.e., Frantoio, Leccino, Picholine, and Ezhi 8) in Longnan,
Gansu. The experimental results demonstrate the effectiveness of the proposed model in accurately and quickly identifying
different olive cultivars. A bilinear network has been suggested to comprehensively extract feature information from olive
images, for the limited phenotypic differences across different olive cultivars. In light of this, the selection of a feature
extraction network has been made with consideration for both speed and accuracy, leading to the selection of the EfficientNet-
BO network. To tackle the challenge of identifying olive cultivars under natural conditions which are prone to intricate
background interferences, a novel approach combining convolutional block attention module (CBAM) with bilinear network
has been proposed. This approach facilitates the model in selectively focusing on the salient features responsible for cultivar
identification during the feature extraction process of olive images. Upon conducting experiments, the bilinear attention
EfficientNet model presented in this study has exhibited an overall accuracy of 90.28% and an inference time of 9.15 ms in
identifying four distinct olive cultivars. These experiment results demonstrate that the proposed model better achieved better
rapaid and accurate identification of olive cultivars under natural conditions. The present study proposes a bilinear attention
EfficientNet model for identifying olive cultivars and utilizes gradient-weighted class activation mapping (Grad-CAM) to
analyse its performance. The results demonstrate that the proposed model exhibits a greater attention towards fruit regions, as
well as some leaf regions, within olive images. These findings are in agreement with the expert knowledge and experience of
human practitioners. The analysis of heat maps generated from misidentified olive images revealed that inadequate focus on the
fruit and leaf regions, which are pivotal for successful identification of cultivars, was the primary contributing factor to
misidentification. The outcomes of the ablation experiments indicated that the bilinear network and the CBAM exhibited a
positive impact on the precision of olive variety recognition. To ascertain the efficacy of the method elucidated in this
manuscript, a set of comparative experiments has been formulated. The primary objective of these experiments is to juxtapose
the proposed bilinear attention EfficientNet model against the conventional cultivar identification models, including bilinear
ResNet34, EfficientNet-SE attention, bilinear ResNet18, bilinear VGG16, and bilinear GoogleNet. The experimental results
obtained from the comparison analysis provide that the proposed bilinear attention EfficientNet model exhibits superior
performance in terms of overall accuracy for the identification of olive cultivars. The bilinear attention EfficientNet model's
accuracy for the identification of olive cultivars exceeded that of bilinear ResNet34, EfficientNet-SE attention, bilinear
ResNetl8, bilinear VGG16, and bilinear GoogLeNet models by 12.78, 11.53, 11.11, 10.70, and 5.00 percentage points,
respectively. The present study establishes a foundation for resolving the challenge of accurately identifying olive cultivars in
natural conditions. Moreover, it offers a valuable point of reference for the identification of cultivars of diverse crops.
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