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Lettuce Phenotype Estimation Using Integrated RGB — Depth Image Synergy
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Abstract: Accurate measurement of phenotypic traits in plant growth using automated methods is crucial
for applications such as breeding and cultivation. Aiming to address the need for non-destructive, precise
detection of phenotypic traits in factory-grown lettuce, by integrating RGB images and depth images
collected by depth cameras, an improved DeeplLabv3 + model was used for image segmentation, and a
dual-modal regression network estimated the phenotypic traits of lettuce. The backbone of the improved
segmentation model was replaced from Xception to MobileViTv2 to enhance its global perception
capabilities and performance. In the regression network, a convolutional multi-modal feature fusion
module (CMMCM) was proposed to estimate the phenotypic traits of lettuce. Experimental results on a
public dataset containing four lettuce varieties showed that the method estimated five phenotypic traits—
fresh weight, dry weight, canopy diameter, leaf area, and plant height—with determination coefficients
0f 0.9222, 0.9314, 0.8620, 0.9359, and 0. 887 5, respectively. Compared with the RGB and depth
image-based phenotypic parameter estimation benchmark ResNet — 10 ( Dual) without CMMCM and SE
modules, the improved model increased the determination coefficients by 2.54% , 2.54% , 1.48% ,
2.9% , and 4.88% , respectively, with an image detection time of 44.8 ms per image. This
demonstrated that the method achieved high accuracy and real-time performance for non-destructive
detection of lettuce phenotypic traits through dual-modal image fusion.
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Fig.5 Convolutional multi-modal fusion regression model ( CMMCRN)
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Fig.8 Performance comparison of segmentation models
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Tab.1 Performance metrics for segmentation

models ( mDice)

Aphylion  Satine
DeepLabv3 + MobileNetvd  0.9941 0.9036 0.9923 0.9831
DeepLabv3 + MobileNetv3 0.9941 0.9924 0.9926 0.9938
DeepLabv3 + R18 0.9947 0.9934 0.9921 0.99%41
PSPNet 0.9944 0.9926 0.9930 0.9935
FastRCNN 0.9917 0.9902 0.9907 0.9901
KNet — swin —t 0.9932 0.9929 0.9922 0.9935
DeepLabv3 + MobileViTv2 0.9942 0.9936 0.9931 0.9945

il

Lugano  Salanova

F2 HEEE mloU LWEHER
Tab.2 Performance metrics for segmentation models
(mlIoU) %
Kl
Aphylion  Satine

DeepLabv3 + MobileNetv4 ~ 98.84  83.28  98.49  96.71
DeepLabv3 + MobileNetv3  98. 82 98. 50 98. 55 98.78

i

Lugano  Salanova

DeepLabv3 + R18 98. 94 98.70 98. 45 98.83
PSPNet 98.90 98. 54 98. 61 98.72
FastRCNN 98. 63 98.07 98. 16 98. 05
KNet — swin — t 98. 65 98. 60 98. 47 98.72

DeepLabv3 + MobileViTv2 ~ 98. 86 98.73 98. 64 98.92
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Tab.3 Performance metrics for segmentation
models (mACC) %
g/ S
Aphylion  Satine
DeepLabv3 + MobileNetv4  99. 52 96. 34 99. 45 97.48
DeepLabv3 + MobileNetv3  99. 50 99. 27 99. 42 99. 52

Lugano  Salanova

DeepLabv3 + R18 99.57 99. 30 99. 52 99. 44
PSPNet 99. 51 99.01 99.29 99.31
FastRCNN 99. 42 98.93 99. 11 99. 00
KNet — swin — t 99.27 99. 17 99. 17 99. 35

DeepLabv3 + MobileViTv2 ~ 99. 52 99. 35 99. 41 99. 43
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Tab.4 Comparison of regression performance for
RGB images
HEEAY S ThE AR IRtk
ResNet—10 0.9168 0.9148 0.7923 0.8950 0.8319
ResNet —18 0.8576 0.8609 0.6488 0.80614 0.8020
MobileNetv4 0.8347 0.8842 0.7750 0.8692 0.8173
MobileViTv2 0.8871 0.8966 0.7935 0.8852 0.8203
ResNet =10 0.2864 0.2957 0.4598 0.3273 0.5125
ResNet —18 0.3463 0.3421 0.4737 0.3374 0.4209
MobileNetvd 0.3083 0.3120 0.4136 0.3263 0.402 1
MobileViTv2 0.3056 0.2946 0.4084 0.3136 0.4008

RZ

RRMSE
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Tab.5 Comparison of regression performance for
depth images

LAY S ThE EE TR Bk
ResNet—10 0.8917 0.8952 0.7431 0.8918 0.8333
ResNet —18 0.8784 0.8669 0.7545 0.8517 0.8043
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Tab.6 Comparison of performance between RGB,

depth single-modal and dual-modal models
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Tab.7 Comparison of performance results from

ablation experiments

Y FAISHL R? RRMSE
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Fig.9 Comparison of R* performance from

ablation experiments
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Fig. 10  Comparison of RRMSE performance from

ablation experiments
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