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Abstract. Coffee berries are susceptible to infection from several sources including fungal diseases,
bacterial diseases, and insect pests. The early recognition of these infection sources forms a vital factor in
the coffee berry industry, ensuring higher levels of quality and creating the right conditions to support a
resilient coffee bean production industry. This paper examines the use of L-systems to allow for the early
recognition of pathogens during the various stages of cultivation and processing. This paper introduces a
processing method that mimics human vision, using minimum prior knowledge in concert with the
separation of colours and the convergence of colour and shape awareness. This process relies upon additional
learned knowledge from one or more edge samples that can be extricated from berry images. This system
uses coloured lattice squares to discover the size, shape and number of berries as part of the anomaly
detection procedure. When used in combination with L-systems plant modelling it demonstrates an effective

means to detect the presence of dangerous pathogens such as coffee berry borers (CBBs).

1 Introduction — The Importance of
Early Recognition

The financial impact of the Coffee Berry Borer
(Hypothenemus hampei) is regarded as a key risk
indicator for the global coffee industry [1]. The industry
suffered a loss of over 1$billion dollars in 2023 from the
coffee berry borer, with the expectation that 2024 will
have an increasingly greater financial effect [2], [3], [4].
Early detection of infestation is a critical factor. The
Coffee Berry Borer causes two types of damage. The first
is the premature fall of young berries, and the second is
the qualitative and quantitative losses in coffee through
feeding the gregarious larvae inside berries [5][6][7].

This paper focuses on the early detection and
recognition of the Coffee Berry Borer (CBB) to address
ways to combat its devastating impact on the coffee
industry [4]. The increased prevalence of CBBs is
having a profound influence upon the coffee industry,
whereby CBBs are regarded as a pest that infects
coffee cherries and brings about a reduced quality and
quantity in coffee berries globally [8]. The early
detection of CBBs is crucial in providing additional
time and opportunity for farmers to implement
control measures before different infestations become
widespread. This is important in minimising the
damage to coffee berry crops.

The spread of CBBs can increase rapidly in cases where
the infestation is not brought under control [9]. The use
of early detection strategies is important since it allows
farmers to contain the infestation to a smaller arca
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which, in turn, prevents the influx of CBBs from
spreading to other parts of the coffee plantation, as well
as reducing the spread to other neighbouring farms [10].
Once an infestation has been detected early, a range of
targeted control measures can be applied more

Fig. 1. Positions of coffee berry borer [7].

effectively and with a higher level of integration [11].
Specific controls can then be tailored to individual
stages of any given infestation. Once an infestation has
been detected early, a range of targeted control measures
can be applied more effectively and with a higher level
of integration [11]. Specific controls can then be tailored
to individual stages of any given infestation.

Early identification and recognition of CBBs can reduce
economic losses. Infestations grow and increase as there
is a corresponding decrease in yield and quality as the
positions of the coffee berry borer continues its growth
activities (Fig. 1). Thus, early intervention helps the
financial investment in coffee cultivation because there
is a reduction of the impact of the pest on the coffee
harvest [12]. A further benefit of early recognition is to
demonstrate the importance of a broader strategy to
protect coffee ecosystems (Figure 2.).

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution
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Fig. 2. A synthetic image generated by a Visual Language
Model (VLM) to characterise berry borer and frass coverage.

The emphasis should be on the effective and timely
control of the Coffee Berry Borer to help maintain the
overall health of the coffee ecosystem [13]. This is a
critical component in preserving and supporting the
long-term sustainability of coffee farming practices.

Early detection is even more strategically important
when we think of coffee production in terms of the
dependence upon maintaining the quality of the product.
Infested coffee berries are known to develop “off-
flavours” and defects [10][14][15]. For this reason, the
early recognition of these defects is a critical element in
keeping market standards and consumer approval [16].
In a strategy that includes regular visual inspections,
traps, and regular sampling, the early detection of
Coffee Berry Borers through a software driven
visualisation approach is vital in terms of the overall
outcomes that the coffee industry is seeking.

2 Literature Review

The literature on the impact of CBBs suggests that
globally there is a high incidence of infestation and that
through the reproductive rate of coffee berry borers,
there are dynamic rates of change in expanding regions
of coffee production. The enhanced monitoring and
early detection techniques are the leading management
and mitigation strategies in terms of effectiveness and
worldwide pest alleviation.

2.1 Image Processing Derived from Human
Vision

The recognition of plants using L-systems holds a
strong connection with the mimicry of human vision,
particularly in the modelling and visualization of
complex structures in nature such as trees, leaves, buds,
and berries [17][18]. The image processing method
attempts to mimic human vision, whereby the required
prior knowledge is minimal, namely colour and shape
awareness, and knowledge of the approximate size of a
berry in an image. In such a learning process, edge
samples are taken from the berry images. The inclusion
of stereo imagery using a human vision approach is
improved because there is a greater level of recognition
that is supported by a reduction in time before
recognition and identification [26][31].

2.2 Identifying Coffee Berry Borer during
symptom overlap by means of Frass detection

The fungus that causes Cercospora leaf spot and berry
blotch, Cercospora coffeicola, and the beetle recognized
as coffee berry borer, Hypothenemus hampei, can
sometimes be confused because both similarly affect
coffee plants when identified as symptoms on coffee
berries, even though they are wholly dissimilar in nature
[32][33].

In the early stages of coffee berry clusters, it can be
difficult for the human eye to distinguish between
simple fungal infections Cercospora coffeicola berry
blotch and berry borer Hypothenemus hampei
infections. The symptoms from both types of infection
overlap in terms of visual presentation [34]. Cercospora
coffeicola causes symptoms resembling brown to dark
lesions on coffee berries, leaves, and sometimes stems
[35]. These lesions may possibly be mistaken for insect
damage, predominantly if the infestation is severe and
the spots coalesce. Hypothenemus hampei, on the other
hand, is a tiny beetle that bores into the coffee berries,
leaving small bores, and often causing berry drop, or
signifying secondary infections that present with similar
visual darkening and discoloration as fungal infections.

Since berries with H. hampei can additionally become
more susceptible to fungal infestations, the combination
of insect damage and fungal infection can blur the lines
of the primary cause of the symptoms [36][38].

One way to recognize the difference is to look for the
presence of frass, which is the excrement and wood
particles left behind by berry borers. Frass is a key
indicator of infestation and is of significant assistance in
the differentiation between competing diagnoses of
insect or fungal infections [39]. Frass accumulates
around the entry holes on the surface of a coffee berry.
It can also present at the base of the berry, where it joins
the branch. Frass can be recognized as an accumulation
of waste material in small piles and masses. As a
diagnostic tool, the presence of frass is definitive when
seen in combination with small round entry holes that
are dark in colour.

2.3 Improved Benefits from L-systems

L-systems have been used for many applications and are
comparatively very useful in computer graphics for
generating self-similar shapes, known as fractals. The
core idea behind L-systems involves the process of
rewriting a set of symbols. An initial string (known as
the axiom) is first defined, and then modified by a set of
production rules (iterations). The application of these
production rules allows us to create additional strings
that (by iteration) evolve an L-system over time. These
strings gradually increase in length and in complexity.
The process is deterministic since the rules are
deterministic. In a visual sense, the evolution of such a
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string gives us a hierarchical “tree”. By translating this
sequence of characters into something visual, such as a
geometric feature, we can describe complex features and
structures such as plants, by means of a set of production
rules [19].

2.4 Stereo Imagery in 3D Modelling

Since L-systems are a mathematical formalism used to
model the growth processes of plants and other
organisms, they are particularly effective at generating
fractal-like structures and recursive patterns, which are
useful for generating complex organic shapes. Stereo
imagery involves capturing or generating two images of
the same scene from slightly different angles, simulating
the perspective of each of two eyes. When used in
combination, these images create a perception of depth,
making it possible to visualize 3D structures with a
higher level of accuracy and efficacy. As such, the
inclusion of stereo imagery in L-systems allows for a
much higher order of visualization and interaction,
making it especially useful for small and fine features
that may indicate the early changes depicting a coffee
berry borer (CBB) infestation [20]. This is especially
important in cases where the differentiator is highly
dependent upon a texture-driven recognition of insect
waste (frass) for classification.

3 Methodology

This paper describes a methodology that draws from
recent work using L-systems that developed an L-
system algorithm that describes the three-dimensional
appearance of real coffee berries. L-systems define
growth rules and parameters that describe the shape of
coffee berries using curved surfaces and the necessary
coffee berry shapes, sizes, and colors [19]. It is an
efficient system for the analysis and recognition of
diseases in plants [22].

The methodology uses a coffee berry edge detection
approach to locate berries of similar shapes and sizes.
This edge detection approach enables the separate
location of overlapping berries. For this purpose, a
typical edge sample is digitally taken from the top edge
of a healthy berry [23], such as that shown in Figure 3.
In addition, the standard colour of each berry category
present in the field images must be defined as RGB
values. This requires the definition of the standard berry
colours present, namely red, yellow, green, brown,
black, and white. The accurate classification of berries
depends on these values.

Fig.3. Healthy Coffee berries (left) and CBB infected
berries (right) Hypothenemus hampei, CBB [23].

3.1 Applying the single digitally extracted berry
image.

The location process considers a 3-space, or 3-
dimensional space, having Red, Green and Blue as its
three perpendicular axes, each of length 255 units. The
mean color of a berry edge is represented as a point in
this 3-space, and the distance of a berry point from the
standard berry point, is called the color-distance, that
indicates the similarity of any berry to a standard color.
In Figure 5, each berry is indexed from 1 to 26, and its
color-distance in 3-space, to its nearest standard berry,
is indicated by the second caption numerical value. The
red berries are within 20 color-distance units of each
other. This means they can be classified as healthy red
berries. Their shape must also be considered when
classifying them as healthy. This is discussed in later
processing.

A berry edge sample was digitally cut from the top of a
berry in a healthy image using the graphical processing
program GIMP [2] and is shown in Figure 4. By taking
an edge sample we can apply the image to locate berries
with the same characteristics.

Fig.4. Top-edge of healthy Coffee Berry used to locate
berries.

3.2 Calculating the Extent of Berries in an
image

The approximate extent of each image berry, for which
its top edge has been located by the edge comparison
method given above, is limited by a preset size and is
indicated by colored lattice squares [24]. The calculation
effectively discovers the shape and size of the located
berry as shown in Figure 5 and Figure 6. Curved edges
are clearly recognizable. Straight or jagged edges
indicate a possible anomaly, such as the presence of a
CBB within the berry.
0 g
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Fig.5. Healthy Coffee Berries located by white lattices.
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Fig.6. Infected Coffee Berries located by purple lattices.

3.3 The first Lattice Method — using a berry top
edge

The extent of each located healthy or infected berry is
initially calculated by the first lattice method [24]. The
lattice starts as a single square (shown in white) at the
centre of the located top-edge, and it spirals around the
centre by adding adjacent squares when the new square
would contain an image of a similar colour as the
previous squares, and for which the image intensity is
like the adjacent squares. This is demonstrated in
Figures 5 and 6. The colour of the lattice is set to indicate
the predominant colour of the image contained in the
lattice. The process stops when the whole lattice is at a
fixed size or when no suitable adjacent squares are
found. The colour of the square lattice lines indicates the
kind of enclosed object, as white for healthy and purple
for diseased.

3.4 The second Lattice Method — using colour
segmentation

The first lattice method is complemented by a second
colour segmentation method. Since the first method
requires visible top-edges, it may fail to locate berries,
while the colour segmentation approach accurately
locates all berries but does not separate them but may
have image background conflicts. These differences
will be resolved by the L-systems plant recognition
approach described in Section IV part B.

4 Analysis and Results

4.1 Coffee Berry Colour Segmentation &
Analysis

The intermediate result using colour analysis, and fine
lattices, were automatically extended to discover the
healthy berry edge shapes is shown in Figure 7. The
grey-brown infected areas are highlighted and exposed
by this shape and colour analysis.

The next step is the interpretation of this L-system
algorithm with stochastically varying ranges of
parameter values. In previous work on L-NAP, this
variation was manually defined in the processing
pipelines [20]. Here it is suggested that an important and

difficult future challenge would be to automate the
parameter adjustment to generate realistic synthetic
berries which match a particular real dataset.

Fig.7. High-resolution colour analysis detecting
infestations on red and brown berries, shown by purple
lattices [23]

The berry location results using colour segmentation
[25] are shown in Figures 7 and 8. [Lattices of
specifically calibrated colours are automatically
drawn on the image to highlight the detected healthy
and infested berries [24]. The brown infested areas,
highlighted in purple, are exposed by this analysis.
The red berries have varying brown infestation, as do
the seriously infested central brown berries. The
yellow berry appears healthy, and the background is
correctly highlighted as green and black, while light
reflections are indicated by white lattices. These
results classify the berries, since in Fig. 8 all berries
have been located by this colour method.

400

Fig.8. Healthy Coffee Berries located by colour analysis
(23]

A challenge to the colour analysis and lattice approach
is those instances where the background interferes with
a clear analysis of the berries (see Figure 8). The
inclusion of the depth component in stereo images can
remove this problem by applying an object depth limit,
as has evolved in human vision [26]. One notable
challenge is the ability to correctly identify the infection
when the imagery does not allow for sufficient
differentiation between infected parts of a coffee cluster
(or any other fruit-based bunch such as grapes) [37].
Stereo imagery is an important inclusion in the effective
recognition of background imagery and infested berries
in the foreground of an image.
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Thus, healthy red, green, and yellow berries and the

background are clearly located by the colour analysis.
The recognition process described in Part B
recognizes berry shapes, and exclusion of the
background imagery enables consistent and
dependable reporting on the shapes, the colour, and
the number of berries.

4.2 Coffee Berry Recognition & Classification

This paper considered three key areas to demonstrate an
effective way to recognize real coffee berries in a way
that allowed for minimal training and prior knowledge.
These areas are top-edge location; colour segmentation;
and direct image comparison with synthetically
generated berry images.

This study has applied a previously reported
methodology for the creation of synthetic wheat heads
[20][21] to create a dataset of synthetic coffee berry
models. This was produced to represent the berries
available in a real image coffee berry dataset [23]. This
would be a dataset of synthetic 3D models comprising
variations of healthy and infected berries, matching the
real image dataset.

The first step of this methodology is to develop an L-
system algorithm [LS] which describes the three-
dimensional appearance of real coffee berries. L-
systems define growth rules and parameters that
describe the shape of coffee berries using curved
surfaces and the necessary coffee berry shapes, sizes,
and colours.

The next step is the interpretation of this L-system
algorithm with stochastically varying ranges of
parameter values. In previous work on L-NAP, this
variation was manually defined in the processing
pipelines [20]. Here it is suggested that an important and
difficult future challenge would be to automate the
parameter adjustment to generate realistic synthetic
berries which match a particular real dataset.

The application of the resulting synthetic dataset to
recognise real plants is termed “synthetic inference”,
with two separate methods that can be used in synthetic
inference to recognize and classify real coffee berries.
One is the novel “direct” method where application code
in the processing pipeline directly compared selected
synthetic images, including partial synthetic images, to
the real plant lattices. The alternative ‘“traditional”
method is to train a neural network such as Mask R-
CNN on synthetic berry images, so that the network can
classify the real plants. Both methods have been
successfully employed [21], where the novel direct
method was developed and proven on plants. See
Figures 9 and 10, below.
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Fig.9. Recognition and Classification of plants by direct
method

Fig.10. Recognition and Classification of plants by a neural
network method.

4.3 Recognition of Coffee Berry Borer (CBB)
Infestation

After using a synthetic dataset of coffee berry models,
specific types of infestation such as CBB can be
identified (Figure 11). Colour image separation is an
important part of the recognition process and can be
exploited as a key differentiator in terms of plant and
berry maturity, as well as health, decay, and infestation.

Fig.11. A Real Coffee Berry with CBB infiltration

On a typical coffee bush, the berries exist as clusters
along the branches. These clusters are initially green and
firm, transitioning through yellow to a rich red or purple
as they ripen. The ripe berries present as round, glossy
and slightly soft to the touch, often found nestled close
to the base of the leaves (Figure 12). The transition of
berries in terms of colour is dependent upon coffee
varieties [27].



BIO Web of Conferences 167, 05003 (2025)
ICoSIA 2024

https://doi.org/10.1051/bioconf/202516705003

o 50 100

Fig.13. Colour Separation and recognition of
infection.

The cluster of berries shown in figure 12, has been
classified using colour separation to create the image in
Figure 13. Berry parts have been located and classified
as either healthy (red or green lattices) or infected
(purple). The purple lattices mark infected brown berries
and berry parts. The background sky and land are
suitably coloured and must be removed from the final
analysis by a straightforward depth exclusion to ensure
that the blue, green, and brown background objects are
not seen as berries. Note the identification of specific
infections on parts of the green berries at top left and
bottom right on the image. Light reflections are shown
by white lattices and dark berry parts are shown in black.

4.4 Recognition, Separation, and Detection by
Frass

The ability to distinguish between fungal infections and
berry borer in early stages of berry growth is a challenge,
particularly in terms of large-scale early detection. In
this section we report the use of L-systems to detect the
variations in Frass to differentiate borer from fungal
disturbance. Figure 14. Shows the real coffee berry with
CBB infection which shows the presence of frass
(detection by the naked eye).

Fig.14. Real coffee berry with frass visible to naked eye [42].

We then examine the berry using an L-systems colour
separation analysis to produce an image by means of
lattices (Figure 15.). The berries are correctly
identified and located by red and yellow lattices. The
initial stage of the infection produces frass, which is
clearly visible in both images. The analysis has
located and identified the frass by green lattices
between the berries, and by green and purple lattices
at the red berry "mouth". The latter is also identified
by a black lattice of two sides that is visible at the
bottom right of the entry hole of the infestation.

0 20 40 60 80 140

Fig.15. Colour and black lattice showing frass and borer
identification using a synthetic berry image

By producing a Hi-res image with frass, it is possible to
more clearly recognise the key features of the infestation
(Figure 16). These images show the certain location of
the infestation entry, and the frass particles produced by
the infestation (located by black, purple and green lattice
squares). The entry of the infestation is identified and
located by black lattice lines that are visible in this
example below the entry hole.

100

120

o 20 40 60 80 100 120 140 160

Fig.16. Hi-res image using frass and colour to recognise
black infestation hole.

The further analysis of the berry image will identify the
berry by its uniform red, green or yellow colour and
shall also report any visible holes identified by small
black lattice strings located within the confines of the
large berry. Thus, it will be checked that a found hole is
surrounded by a sufficient extent of berry that has a
correct and consistent colour.
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4.5 Shape and Colour differences between
Arabica and Robusta berries

Arabica coffee berries start as green and tend to be
lighter and more translucent green compared to
Robusta berries. During their ripening stage (as they
mature), Arabica berries transition from green to
yellow, and then to deep red or possibly purple when
fully ripe (Figure 2). In terms of appearance Arabica
berries are generally more rounded and slightly larger
compared to Robusta berries. They have a smoother,
shinier appearance. Arabica berries more commonly
grow in smaller clusters along each branch, with
fewer berries per cluster compared to Robusta.

Robusta coffee berries start off as a darker, more opaque
green than Arabica. During ripening Robusta berries
also transition from green to red, however sometimes
appear more muted in colour compared to the reds of
Arabica berries. In some cases Robusta berries are
brownish when fully ripe. In terms of shape and
appearance Robusta berries are smaller and more
rounded compared to Arabica berries and display a less
glossy appearance. Robusta berries are found in denser
clusters with more berries per cluster than Arabica.

These variations inform colour separation and edge
recognition [28-30]. In Java coffee growing regions for
Arabica include the highlands around Mount Merapi
and Mount Semeru. Although less dominant, Robusta
coffee is also grown in Java, in the lower altitude areas
where Arabica is less suited. Robusta is more typically
grown in regions like Lampung and parts of East Java.

5 Conclusion

This study shows the value of early detection of the
Coffee Berry Borer using early detection for large scale
recognition of early onset pathogens. This paper
describes early recognition using an L-systems (L-NAP)
approach to recognise infestation by pathogens (HH)
from fungal disease. It is beneficial in instances where
both CBB and fungal infestation are both present on
berries. Using colour separation and edge detection, this
process relies on the algorithmic exploitation of a
synthetic dataset, with reduced need for large-format
training compared to Neural Network approaches.

The use of L-systems for early detection and recognition
of Coffee Berry Borers assists early intervention. This
includes the integration of seasonal monitoring practices
to target pathogen infestation. L-systems have greater
efficacy than other software detection approaches due to
reduced training constraints and the ease of detection
from a plant-favored L-systems approach. Future work
may enhance berry production using quality berry
recognition on premium coffee berry selection.

CBB infestation is increasing globally prompting
attention on regions at larger risk of infestation through
changing temperatures and rainfall patterns as evinced
through climate change. In Indonesia the decline of

other crops such as apples tidicate that climate change,
land conversion, and pathogens require ongoing
vigilance on early intervention [40-41]. Advances in
remote  sensing, visualization, and dashboard
management, show early intervention practices as
critical for coffee outputs where climate change is a
catalyst for the spread of borer and fungal disease [22].
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