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Defect Inspection of Green Coffee Beans Using
Object Detection
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Department of Electronic Engineering, Southern Taiwan University of Science and Technology

Abstract

Coffee has become a part of people’s lives, but good coffee production is very complicated. In order to ensure
the quality of roasted coffee, defective coffee beans must be removed before roasting. However, the traditional
manual removal of defective beans is a time-consuming and laborious process. If the current method could be
improved, it would reduce the cost of the final process of getting a cup of coffee to the table. Therefore, this
research hopes to use deep learning object detection technology to reduce labor costs. Object Detection technology
can classify the target and find the position from the image. If it can be effectively integrated with hardware
equipment, it would be able to automatically remove defective coffee beans. The research results show five types
of training data, among which the model with 25,000 training steps can achieve .54 mean average precision, and
the average precision can achieve as high as .80 in the good coffee categories. Moreover, this model has been
combined with computer vision to assist users in identifying, locating, and removing defective coffee beans,
thereby improving the overall picking speed. In the future, it can be combined with hardware architecture to
complete automated picking.
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%7
Tensorflow Object Detection FELHTET1F1EAFEZEY
COCO_trained models

Model name Speed (ms) COCO mAP  Outputs
ssd_mobilenet_v1_coco 30 21 Boxes
ssd_mobilenet_v1 0.75_depth_coco * 26 18 Boxes
ssd_mobilenet_v1 quantized_coco 29 18 Boxes
ssd_mobilenet_v1 0.75_depth_quantized_coco * 29 16 Boxes
ssd_mobilenet_v1 ppn_coco 26 20 Boxes
ssd_mobilenet_v1 fpn_coco * 56 32 Boxes
ssd_resnet_50_fpn_coco * 76 35 Boxes
ssd_mobilenet v2_coco 31 22 Boxes
ssd_mobilenet_v2_quantized_coco 29 22 Boxes
ssdlite_mobilenet_v2_coco 27 22 Boxes
ssd_inception_v2_coco 42 24 Boxes
faster_rcnn_inception_v2_coco 58 28 Boxes
faster_rcnn_resnet50_coco 89 30 Boxes
faster_rcnn_resnet50_lowproposals_coco 64 Boxes

(FTH#)


http://download.tensorflow.org/models/object_detection/ssd_mobilenet_v1_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_mobilenet_v1_0.75_depth_300x300_coco14_sync_2018_07_03.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_mobilenet_v1_quantized_300x300_coco14_sync_2018_07_18.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_mobilenet_v1_0.75_depth_quantized_300x300_coco14_sync_2018_07_18.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_mobilenet_v1_ppn_shared_box_predictor_300x300_coco14_sync_2018_07_03.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_mobilenet_v1_fpn_shared_box_predictor_640x640_coco14_sync_2018_07_03.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_resnet50_v1_fpn_shared_box_predictor_640x640_coco14_sync_2018_07_03.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_mobilenet_v2_coco_2018_03_29.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_mobilenet_v2_quantized_300x300_coco_2019_01_03.tar.gz
http://download.tensorflow.org/models/object_detection/ssdlite_mobilenet_v2_coco_2018_05_09.tar.gz
http://download.tensorflow.org/models/object_detection/ssd_inception_v2_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_inception_v2_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_resnet50_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_resnet50_lowproposals_coco_2018_01_28.tar.gz
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Model name Speed (ms) COCO mAP  Outputs
rfcn_resnet101_coco 92 30 Boxes
faster_rcnn_resnet101_coco 106 32 Boxes
faster_rcnn_resnet101_lowproposals_coco 82 Boxes
faster_rcnn_inception_resnet_v2_atrous_coco 620 37 Boxes
faster_rcnn_inception_resnet_v2_atrous_lowproposals_coco 241 Boxes
faster_rcnn_nas 1833 43 Boxes
faster_rcnn_nas_lowproposals_coco 540 Boxes
mask_rcnn_inception_resnet_v2_atrous_coco 771 36 Masks
mask_rcnn_inception_v2_coco 79 25 Masks
mask_rcnn_resnet101_atrous_coco 470 33 Masks
mask_rcnn_resnet50_atrous_coco 343 29 Masks
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http://download.tensorflow.org/models/object_detection/rfcn_resnet101_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_resnet101_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_resnet101_lowproposals_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_inception_resnet_v2_atrous_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_inception_resnet_v2_atrous_lowproposals_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_nas_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/faster_rcnn_nas_lowproposals_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/mask_rcnn_inception_resnet_v2_atrous_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/mask_rcnn_inception_v2_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/mask_rcnn_resnet101_atrous_coco_2018_01_28.tar.gz
http://download.tensorflow.org/models/object_detection/mask_rcnn_resnet50_atrous_coco_2018_01_28.tar.gz
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