[bookmark: _Hlk159375865][bookmark: _Hlk165032135]Supplementary Materials
[bookmark: _Hlk128384591][bookmark: _Hlk121498137][bookmark: _Hlk121168295]Artificial Intelligence in the Food Industry: Innovations and Applications
[bookmark: OLE_LINK11]Hang Yang1#, Wenxuan Jiao2#, Lingyun Zouyi3, Hongli Diao1*, Shibin Xia1 *
[bookmark: _Hlk178943953]1 Hubei Key Laboratory of Mineral Resources Processing and Environment, Wuhan University of Technology, Wuhan 430070, China
2 School of Chemical and Environmental Engineering, Wuhan Polytechnic University, Wuhan 430048, China
3 Hubei Junbang Environmental Technology Co., Ltd., Wuhan 430023, China


#Hang Yang and Wenxuan Jiao contributed to the work equally and should be regarded as co-first authors.


Corresponding author: 
Shibin Xia
Email: xiashibin@126.com
Hongli Diao
Email: honglidiao@aliyun.com

List of Table
Table S1 Applications of AI in different food sectors
Table S2 Top 10 publications based on citations
Table S3 AI-enhanced applications in pest and disease control of crop



[bookmark: _Hlk187583861]Table S1 Applications of AI in different food sectors
	Food type
	AI applications
	Attributes affected
	References

	Fresh produce
	Quality control, shelf life prediction, sorting
	Freshness, texture, shelf life, defect detection
	[1-6]

	Processed foods
	Recipe optimization, ingredient substitution, quality assurance
	Nutritional content, flavor, consistency, safety
	[7-14]

	Fermented foods
	Monitoring fermentation process, optimizing microbial activity
	Flavor profile, microbial balance, fermentation time
	[15-20]

	Dairy products
	Quality testing, spoilage detection, process automation
	Fat content, protein levels, spoilage prevention
	[21-25]

	Meat and poultry
	Freshness tracking, contamination detection, grading
	Tenderness, contamination levels, color, freshness
	[26-32]

	Bakery products
	Dough consistency optimization, baking process control
	Texture, moisture content, baking consistency
	[33-37]

	Beverages
	Flavor optimization, quality monitoring, spoilage detection
	Flavor balance, carbonation levels, spoilage detection
	[18,38-42]

	Packaged foods
	Smart packaging, supply chain monitoring, anti-counterfeiting
	Packaging integrity, traceability, authenticity
	[43-45]

	Frozen foods
	Temperature monitoring, quality control, shelf life prediction
	Texture, moisture retention, shelf life
	[46-49]

	Seafood
	Freshness monitoring, contamination detection, quality grading
	Freshness, contamination, texture, grading
	[50-56]

	Snacks
	Flavor development, texture optimization, quality control
	Flavor intensity, crunchiness, consistency
	[57-61]



Table S2 Top 10 publications based on citations
	Citations
	Year
	First Author
	Title
	Source
	Reference

	2052
	2018
	Kamilaris, Andreas
	Deep learning in agriculture: A survey
	Computers and Electronics in Agriculture
	[62]

	1519
	2016
	Sharada Prasanna Mohanty
	Using Deep Learning for Image-Based Plant Disease Detection
	Frontiers in Plant Science
	[63]

	1307
	2017
	Wolfert, Sjaak
	Big Data in Smart Farming – A review
	Agricultural Systems
	[64]

	926
	1993
	M. Weiss
	Remote sensing for agricultural applications: A meta-review
	Remote Sensing of Environment
	[65]

	800
	2007
	Luis A. Berrueta
	Supervised pattern recognition in food analysis
	Journal of Chromatography A
	[66]

	662
	2004
	Tadhg Brosnan
	Improving quality inspection of food products by computer vision––a review
	Journal of Food Engineering
	[67]

	597
	2006
	Katherine León
	Color measurement in L*a*b* units from RGB digital images
	Food Research International
	[68]

	588
	2019
	Klerkx, Laurens
	A review of social science on digital agriculture, smart farming and agriculture 4.0: New contributions and a future research agenda
	NJAS -Wageningen Journal of Life Sciences
	[69]

	548
	2009
	Piotr M. Szczypiński
	MaZda—A software package for image texture analysis
	Computer Methods and Programs in Biomedicine
	[70]

	533
	2020
	Maitiniyazi Maimaitijiang
	Soybean yield prediction from UAV using multimodal data fusion and deep learning
	Remote Sensing of Environment
	[71]





[bookmark: OLE_LINK15]Table S3 AI-enhanced applications in pest and disease control of crop
	Crop
	Aim
	Method
	Algorithms
	Accuracy
	References

	Plum
	Disease detection under true field conditions
	CNN
	Inception-v3, DA, TL
	92% on mobile devices
	[72]

	Papaya
	Detection and classification of diseases
	CNN-based YoloV7 with CBAM
	YoloV7, CBAM
	mAP 86.2%
	[73]

	Guava
	Detection of damage and disease
	CNN-based thermal and digital image analysis
	CNN
	99.92%
	[74]

	Tomato, Potato
	Disease classification with zero-shot TL
	CNN with DA, GANs, cropping, DIP
	VGG16, ResNet18, MobileNet-V2, EffNet-B0
	83.53% (with GANs and DIP)
	[75]

	Rice, Potato
	Diagnosis and classification of diseases
	DL (CNN)
	CNN, SVM, KNN, DT, RF
	Rice: 99.58%, Potato: 97.66%
	[76]

	Maize
	Disease identification in leaves
	TL, HPO
	VGG16, ResNet50, IncV3, Xception
	>99% (VGG16, IncV3, Xception), >93%
	[77]

	[bookmark: _Hlk185352872]Maize
	Disease classification in leaves
	Deep CNN
	Modified LeNet
	97.89%
	[78]

	Apple, Corn
	Disease detection and classification
	UAV-based remote sensing with DL
	ShuffleNetv2, FRBM, TCSSA
	96.18% (Apple), 98.85% (Corn)
	[79]

	Mulberry leaves
	Disease detection and classification
	CV with DL
	MobileNetV3Small, ResNet50, VGG19
	Precision: 97%; Recall, F1, Accuracy: 96.4%
	[80]

	Plant leaves
	Disease classification
	CNN optimized with MWOA
	CNN, MWOA
	99.92%
	[81]

	[bookmark: _Hlk185355123]Food with pests
	Species-specific pest detection
	CNN, TL
	CNN, SGD, PX448
	83.8%
	[82]

	Muskmelon
	Leaf miner infestation detection
	DL, CV
	RetinaNet, Faster R-CNN
	RetinaNet: 92.36%, Faster R-CNN: 89.03%
	[83]

	Citrus
	Pest disease detection
	DL, Web App
	EffNet-b0, VGGNet, ResNet, DenseNet, ViT
	99% (EffNet-b0)
	[84]

	Tomato
	Leaf disease detection and classification
	Optimized Capsule Neural Network (CapsNet)
	CapsNet, CNN
	96.39%
	[85]

	Mung bean
	Detection and classification of pests and diseases
	DL model with TL
	MobileNetV2
	93.65%
	[86]

	Rice
	Early detection of leaf diseases
	DL-based CNN model with attention processes and residual connections
	ResNet-50, MobileNet, IncV3, DenseNet
	Training: 99.98%, Testing: 99.60%
	[87]

	Potato
	Classification of surface defects
	Image processing and CNN
	AlexNet, GoogLeNet, VGG, R-CNN, TL
	100% (some classes), 99% (others)
	[88]

	Crop
	Early pest detection for effective management
	DL object detection
	Yolov8
	84.7% mAP
	[89]
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