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Abstract
Annotating datasets is a common obstacle for many industries that may limit the
potential for adopting machine learning methods. One example of such an industry
is agriculture. Resources may be limited, especially in developing areas, but there
is great potential for machine learning models to be used for applications such as
tracking diseases. This work revolves around developing an efficient machine learn-
ing (ML) pipeline and using it to detect coffee berry disease (CBD) in a dataset with
images of coffee plants. CBD is a fungal plant pathogen that is difficult to manage
and often causes major problems for coffee production. Three common methods to
alleviate the burden of manually annotating datasets are semi-supervised learning,
weak supervision, and utilizing machine learning in the labelling process. Recently
developed open-set detectors that boast impressive performance have a natural use
case in this process. These models can predict bounding boxes for arbitrary objects
without specific training and can therefore be used to generate proposals for ground
truth bounding boxes in a dataset. Following this initial step, manual annotation
using time-efficient point labels for the remaining objects in each image results in a
mix of strong box labels and weak point labels in each image. This work explores
this setting and proposes two models for the task; Point-guided loss suppression
(PLS) and mixed Point-Teaching (MPT). The PLS model is a simple adaptation of
YOLOv8, which when compared to the semi-supervised case gives a slight improve-
ment in performance on the CBD dataset and a slight decrease in the MS COCO
benchmark. The MPT framework consists of two models where one model is used
to generate boxes that the other model uses as pseudo labels during training. The
resulting performance for the MPT framework is generally worse, only performing
above the baseline in a few cases. The exact efficiency of utilizing point labels is dif-
ficult to determine, but our results indicate that there are potential use cases where
annotating points is more efficient than boxes, especially with further development
of the models.

Keywords: object detection, annotation efficiency, coffee berry disease, weakly semi-
supervised learning, computer vision, YOLOv8
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1
Introduction

1.1 Background

In the agricultural sector, predicting and preventing yield loss is necessary. Mpen-
dakazi Agribusiness in Tanzania has problems with co�ee berry disease and is look-
ing for alternative solutions for detecting infection. In recent years, large progress
within arti�cial intelligence (AI) has enabled new applications in computer vision,
especially through deep learning. Training these deep learning models requires not
only raw data but also annotations for the data. The annotation process can be
very costly in terms of time and resources. However, there are ways to reduce the
e�ort and this thesis aims to use new combinations of such methods to lower the
cost even further, without degrading the performance.

1.1.1 Co�ee Berry Disease (CBD)

An infectious fungus calledColletotrichum Kahawaecauses co�ee berry disease
(CBD) in Arabica co�ee plants. The pathogen is mainly constrained to Africa but
has recently been reported in other parts of the world as well [CABI, 2022]. The
berries show two symptoms of the disease; scab lesions and active lesions. Active
lesions are dark, sunken spots that grow to cover the whole berry, causing it to rot.
Pink spore masses, that eventually turn white, can occur on the lesions given humid
conditions. The infection can also occur in the young berry stalks, which can cause
shedding before the berries show symptoms. Scab lesions appear pale, corky, and
slightly sunken. These can appear on both young and mature berries and may heal
completely or turn into active lesions once the berry ripens. The symptoms of the
disease can be detected visually and two examples are shown in �gure 1.1 Therefore,
this presents a good use case for an automated vision-based solution to detect these
symptoms.

The disease has had a signi�cant impact on Arabica crops since it was �rst recorded
in 1922. At high altitudes, crop losses can range from 50-80% [Prihastuti et al., 2009].
Even with extensive control e�orts that can account for up to 45% of the annual
production costs for a �eld, unfavorable weather conditions can facilitate losses of up
to 50%. The main control measure used for the disease are fungicides. Copper-based
solutions are the most common as they are cheaper than their organic counterparts.

1
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