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Abstract— Low cost and easy to use monocular vision systems
are able to capture large scale, dense data in orchards, to
facilitate precision agriculture applications. Accurate image
parsing is required for this purpose, however, operating in
natural outdoor conditions makes this a complex task due
to the undesirable intra-class variations caused by changes in
illumination, pose and tree types, etc. Typically these variations
are difficult to explicitly model and discriminative classifiers
strive to be invariant to them. However, given the presence of
structure, in both the orchard and how the data was obtained,
a subset of these factors of variations can correlate with readily
available metadata, including extrinsic experimental informa-
tion such as the sun incidence angle, position within farm, etc.
This paper presents a method to incorporate such metadata
to aid scene parsing based on a multi-scale Multi-Layered
Perceptron (MLP) architecture. Experimental results are shown
for pixel segmentation over data collected at an apple orchard,
leading to fruit detection and yield estimation. The results show
a consistent improvement in segmentation accuracy with the
inclusion of metadata under different network complexities,
training configurations and evaluation metrics.

I. INTRODUCTION

Recent advances in robotics and automation has enabled
us to gather large scale data with high spatial and temporal
resolutions. Unmanned ground vehicles or farmer operated
machinery can be equipped with low cost cameras to capture
a detailed representation over large farms. Leading image
processing techniques strive to efficiently extract accurate
and reliable high level information from this data, such as the
crop health, maturity, distribution etc. Image classification
and segmentation techniques are often used in orchard data
for fruit detection and yield estimation [1]–[5], crop quality
assessment [6] and trunk detection for tree mapping [7]. Such
information enables precision farming, where processes such
as pesticide spraying and fertilisation are modified according
to in-field variations, ultimately leading to maximizing yield
and quality while minimising costs.

Farm image data is often captured under natural illumi-
nation conditions, and therefore spans adverse appearance
variations, which is one of the biggest challenges to robust
classification. For discriminative tasks, data needs to be
represented in a feature space that is invariant to such
characteristics. When classifying fruits, this means invariance
to properties such as incident lighting, fruit maturity, tree
types etc.
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Advances in machine vision techniques are addressing
this problem, because the highly non-linear and complex
model architectures of state-of-the-art methods (for example
deep Neural Networks) are beginning to span the feature
space necessary to capture this variation. However, the more
variable the appearance, the more training exemplars are
required to allow the complex models to capture the space
in a generalizable (not over-fitted) way [8].

In field-robotics, we typically have access to prior infor-
mation that correlates with some of the observed intra-class
(within class) appearance variations. This information, re-
lates to contextual data about how the images were obtained
(e.g. camera trajectories, sun position, weather conditions,
etc.) and is referred to here as metadata. While a direct phys-
ical model of how particular meta-parameters affect appear-
ance is not available, the inclusion of metadata alongside the
images may smooth the complexity of the appearance space.
This could allow simpler classifiers to capture that space, and
provide a performance boost, where similar performance is
obtained with reduced training exemplars.

This paper presents a means to utilise metadata, to aid
image classification in orchards. Using image data captured
at an apple farm in Melbourne, Australia, we incorporate the
metadata for the purposes of fruit classification. In particular,
the contributions of this paper are:
• Incorporation of metadata relating to intra-class varia-

tions in orchard images to aid discriminative classifica-
tion for fruit. This involves an extension to the multi-
scale feature learning algorithm presented in [1].

• A study of the utility of different metadata sources
and their inclusion within different architecture config-
urations such as deeper networks, varying amounts of
training data and evaluation over image segmentation,
apple detection and yield estimation.

The remainder of the paper is organised as follows. Section
II presents the related work for image classification with a
focus on agriculture data. Section III describes the classifi-
cation architecture and presents a generalised framework for
the inclusion of metadata. Sections IV and V contain the
experimental setup and classification results. We conclude in
Section VI, with a discussion of future directions.

II. RELATED WORK

Image classification and object detection in natural scenes
is commonly performed by designing hand engineered fea-
tures relating to texture, colours and/or shapes. In [4], a
combination of SIFT and SURF descriptors are extracted
densely over the image to detect pineapples using SVMs.
Pixel-based segmentation is used in [9] to detect tomatoes
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using manually specified colour features with decision trees.
Nearest neighbour matching is used in [3] over colour and
texture features extracted at key-points for berry detection.
Although these approaches have produced promising results,
they are restrictive to the data and the conditions under which
it was captured, meaning extensions to other orchards would
involve re-defining the shape and colour models. An adaptive
learning algorithm is therefore desirable for general purpose
use, as proposed in [1]. Here a multi-scale feature learn-
ing architecture learns relevant feature transformations for
pixel-level classification and has been shown to outperform
classification using hand engineered features.

However, all classification approaches are challenged in
natural scene data, where they are required to discriminate
between the inter-class variations (i.e. differentiation between
trees, leaves and fruits), while being invariant to intra-class
variability due to extrinsic factors such as illumination,
viewing angles and tree types. One means to reduce this
variability is to divide the dataset spatially and thus train
locally constrained classifiers. For example, in [10], separate
models are trained over different image regions for pedestrian
parsing. In [2], orchard image classification is done at a
per-row level, where images are exposed to similar lighting
conditions. Such an approach enables us to parallelise the
computational load for training and reduce variations within
each dataset, however, it also prevents underlying similarities
in data splits to be shared between classifiers. Another
approach is to altogether minimise extrinsic variations by
modifying the data collection operation. For example, pepper
detection performed in [11] is conducted at a greenhouse
plantation where the illumination conditions can be con-
trolled. Equivalently, in [3], [5], [12], the data gathering
is done at night using strobes to restrict the illumination
variance. However, in orchards it is generally more practical
to operate large scale experimental systems under natural
day-light conditions, and for commercial applications simple
hardware such as cameras can be easily incorporated onto
tractors, which operate more frequently during the day.
Therefore image classification under natural illumination
conditions is an open and important problem.

In this paper we propose that knowledge about the scene
structure and the way in which data is obtained, can be
used to explicitly model some of the underlying factors
leading to appearance variations. Prior knowledge about
scene structure has been used in the past over public image
datasets such as LabelMeFacade and SIFT Flow, to explicitly
specify spatial locations of the objects being classified in
the scene [13], [14], but not specifically to cover intra-
class appearance variations. This is due to lack of contextual
information in such datasets, whereas, field robotics style
datasets are often obtained in a structured way, at known
times of day, through a partially known or at least partially
structured environment. In orchards, where trees are planted
in a uniform configuration, image data is captured at a fixed
distance from the trees, resulting in predictable illumination
variation within the images. Additionally, with access to geo-
referenced location and time of capture, the sun position can

Fig. 1. The Multi-Scale Multi-Layered Perceptron architecture with 4
layers. The default setup is in blue, with xs representing RGB patches
captured at a given scale s ∈ S. Metadata configuration shown in green
acts as a weighting to each of the hidden nodes.

be extracted and used to evaluate the illumination incidence
angle. These additional sources of metadata, available at no
extra cost to typical data capturing processes, can be included
to allow the classifier to explicitly capture some aspects of
the intra-class variations.

III. IMAGE CLASSIFICATION

In this section we first present the image parsing algorithm,
where image classification is performed at the pixel level.
We then introduce the framework for incorporating orchard
metadata.

A. Multi-scale Scene Parsing

Given the success of the image classification framework
in [1] for different fruit types, the classifier used in this paper
is based on a Multi-Layered Perceptron (MLP). The purpose
of the classifier is to map raw image data to a specific class
label. For image parsing, the input data represents a fixed
contextual window around each pixel in RGB space, captured
over multiple image scales. This provides scale invariance
for classification and allows us to capture local variations at
different scales such as the edges between fruits and leaves
and between the trees and the skyline, while keeping the
input dimensions low.

A four layer MLP architecture is illustrated in Figure 1.
The input image patches over each scale are linked to corre-
sponding sections of the hidden layer via non-linear sigmoid
transformations. The transformed space is then concatenated
over the multiple scales as per:

H(i)
1 =

S⋃
s=1

σ(Wsx
(i)
s +bs) (1)

where, x(i)s is the raw (or pre-processed) RGB input for
scale s from S different scales and σ(z) = 1/(1+e−z) is the
sigmoid activation function. The weights over the individual
scales Ws are a set of linear filters/dictionaries transforming
the input data into a more discriminative space. The con-
catenated output H1 is then propagated through subsequent
densely connected layers followed by softmax regression
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for binary classification of fruit and non-fruit regions 1.
The entire network can be trained via back-propagation
while minimising a cross-entropy loss function, with an L2
regularisation penalty term to minimise over fitting.

It has been shown in literature (and through our own
experimentations) that unsupervised pre-training boosts clas-
sification performance [15] by learning generalised features
for initialising the supervised training. For this, each set of
linear filters Ws ∀s ∈ S is pre-learnt using a De-noising Auto
encoder (DAE) with a sparsity penalty (see [1] for details).
The learnt weights consist of a combination of edge and
colour filters. The deeper layers are initialised by using the
sparse initialisation scheme proposed in [16].

B. Adding Metadata

Metadata corresponding to individual pixels can be incor-
porated to the multi-scale MLP architecture by appending the
information to either the input or one of the hidden layers,
with its addition to the input layer illustrated in Figure 1. We
can define each set of metadata for a given input instance
x(i), by d(i)

k ∀k ∈ K, where K is the set of different metadata
types, e.g. sun position, tree type etc. The different metadata
can then be concatenated together.

D(i) =
K⋃

k=1

d(i)
k (2)

The propagation to the first hidden layer is then given by

H(i)
1 =

S⋃
s=1

σ(Wsx
(i)
s +UsD(i)+bs) (3)

where, Us are the set of weights learnt over each scale
for the scale independent metadata input D. The metadata
impacts the biases bs and therefore shifts the response from
individual filters/weights learned over the same layer. The
metadata can equally be appended to deeper layers of the
network, however from our experimentation we found it to
be most advantageous when merged with the input layer.

The network is then trained using the same back-
propagation algorithm as before. The computational expense
of an MLP is linear to the number of input units. Since the
dimension of the metadata is significantly smaller than the
input image data, the additional computational expense of
this configuration is negligible.

IV. EXPERIMENTAL SETUP

The image data was captured at an apple orchard in
Victoria, Australia, by Shrimp, which is a general purpose
research ground vehicle, built at the Australian Centre for
Field Robotics. The vehicle traversed across different rows
of the orchard collecting tree image data (1616×1232 at 5
Hz) as illustrated in Figure 2. An on-board Novatel Global
Position Inertial Navigation System (GPS/INS) provided
estimates of the vehicle position and pose, which was used
to localise each image.

1Using the softmax function in the output layer allows us to easily extend
the process to the multi-class scenario.

Fig. 2. The research ground vehicle Shrimp traversing between rows at
an apple orchard, capturing tree image data. Location of apples manually
illustrated in the field of view of the camera.

The training data was collected by randomly sampling
1100 sub-images (308× 202), corresponding to 1% of the
entire data, and manually generating pixel-level labels for
the fruit and non-fruit classes. Sub-sectioning the image into
smaller chunks makes the manual labelling process easier
and results in greater spatial variance within the training set.
Examples of the training images are shown in Figure 3.

For training the MLP, individual instances/patches of
size [8 × 8 × 3] are randomly sampled over scales
[1,1/2,1/4,1/8], while enforcing a balance between the
two classes. A separate natural scene dataset was used
to initialise the first layer filters with a DAE and ZCA
whitening was used for pre-processing. Training was done
using Stochastic Gradient Descent (SGD) with a learning
rate and L2 penalty optimised via cross-fold validation. The
algorithm was developed in Python using the open-source
deep learning library, Pylearn2 [17].

The metadata used included a combination of pixel posi-
tions, orchard row numbers and the sun’s position relative
to the vehicle body frame. The sun’s azimuth and elevation
were calculated using the time of day and vehicle’s pose
and geographical position. The sun’s elevation remained
fairly constant over this dataset, therefore only the azimuth
was considered. These properties were chosen as they were
qualitatively observed to correlate with some of the intra-
class variation in the data. For example, Figure 3 illustrates
the variation in appearance over vertical position in the
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Fig. 3. Sample sub-images randomly extracted over the orchard dataset
for training. Images are vertically stacked according to their true height in
the original data.

captured image, with the higher up images being brighter
and hosting apples which are viewed at a different pose.

Such metadata was incorporated within the MLP alongside
the input image data as shown in Figure 1 in green. It can
be formatted as either multiple discretised units or a single
continuous unit. A single unit representation prevents us
from learning a different set of biases for individual filter
responses over the variations within each metadata. A one-
hot encoding was instead used to discretise continuous data
into a number of discrete channels (as done in [18] for
multimodal classification). A few channel sizes were tested
and ultimately 8 channels were used for each continuous
input data: pixel i, j positions (pi, p j) and the sun azimuth
angle (sψ ). The row numbers (rn) could be encoded directly
as one-hot vectors. To test how the learning algorithm would
cope with irrelevant metadata information, training was also
conducted with the inclusion of uniformly distributed random
noise as information. No further hyperparameter optimisation
was performed following the inclusion of the metadata.

V. CLASSIFICATION RESULTS

To evaluate the classification performance, the labelled
dataset was randomly divided into an 80− 10− 10 split
of training, validation and testing images. A fixed number
of training instances (multi-scale contextual patches around
individual pixels) were extracted from the labelled training
images to train the pixel-wise classifier. As the classification
is performed over a highly imbalanced dataset, the validation
set was used to evaluate a class threshold. In all tests,
mean and 1-standard deviation results were obtained over 10

iterations, while randomly shuffling the 80− 10− 10 splits
and randomly sampling a balanced set of training instances.

For baseline comparison, the original architecture from
[2], a 3 layer MLP with 200 hidden units was trained
with 200,000 training instances. We denote an image only
network as the “default” configuration, and first look at
the effects of including individual metadata to the original
configuration. We then further optimise the default network,
and investigate the performance boost from metadata under
different training configurations.

A. Individual Metadata Analysis

Different sources of metadata were added to the original
default configuration reported in [2], and the MLP was
retrained each time. Each training iteration took roughly
5 minutes on a GPU enabled desktop. For fast inference,
instead of using sliding windows over test images, convolu-
tion operations were used to apply the first layer of learnt
filters over individual image scales. A pixel-level F1-score
for the fruit class was used as the evaluation metric and was
conducted densely over all the images in the test set (results
using the original architecture shown in Table I).

TABLE I
PIXEL WISE FRUIT CLASSIFICATION RESULTS WITH DIFFERENT MLP

ARCHITECTURES USING THE DEFAULT METHOD AND A COMBINATION

OF DIFFERENT METADATA. METADATA RESULTS LISTED AS THE

DIFFERENCE IN F1-SCORE FROM THE DEFAULT METHOD.

MLP Architecture Metadata Pixel F1-score

Original

None 0.683±0.015
Noise +0.000±0.002

pi +0.032±0.005
p j +0.000±0.002
rn +0.011±0.004
sψ +0.001±0.003

pi, rn +0.038±0.005
pi, p j , rn, sψ +0.042±0.005

Optimised None 0.728±0.016
pi, p j , rn, sψ +0.023±0.008

Pixel position (pi, p j), row number (rn), sun azimuth (sψ )

There is a clear improvement in classification results
with the inclusion of all of the metadata increasing the
F1-score, the most by 6.2% (F1 : 0.683→ 0.725). On it’s
own, pi (the height within the original image) was found
to be the most important individual metadata parameter,
which also qualitatively portrayed the largest illumination
based appearance variations in the data. Additionally, if some
metadata was hypothesised to have no direct correlations
with the extrinsic variations in data (such as random noise
or p j), the classification results were no worse. The lack
of information from the sun position sψ , is possibly due
to the fact that in this dataset, the sun azimuth angle was
either +90◦ or −90◦, and therefore did not cause much
variation on its own over the captured images. Interestingly,
the learnt weights Us corresponding to these metadata had
a much weaker response, meaning that during the learning
phase, the algorithm discovers which inputs are not relevant
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to the classification task. Additionally, this analysis guides
us towards the most important factors of variation, which
in turn might be controllable, to improve subsequent data
collection.

B. Optimising the Architecture

A compact classification model with fewer parameters is
faster to train but may not be able to span the variations in
the training data efficiently (under-fitting). An evaluation of
different network structures for the default configuration was
therefore performed, where deeper and wider architectures
were tested to achieve optimal fruit classification perfor-
mance (extending from [1]). The optimal results were ob-
tained with a 4-layer MLP with each hidden layer containing
200 units (illustrated in Figure 1). As before, metadata was
then added within this network, with the results reported in
Table I. The default F1-score increases from 0.683 to 0.728;
and an improvement is still observed with the addition of
the metadata by +0.023. The magnitude of the improvement
is smaller, possibly due to the higher model complexity
automatically capturing some of the appearance variations in
the data. Figure 4 shows some of the qualitative classification
results with the default and the metadata configuration on the
optimal 4-layer MLP. The metadata configuration is picking
up a greater region of apples and even some new apples
that the default configuration is not detecting (e.g. centre
left apple in the first column and top right occluded apple in
the 3rd column).

Fig. 4. Image classification results. Four sample image sections from
the field (first row) and their ground truth labels (second row). The third
row illustrates the classification results for the optimised 4-layer MLP
configuration. The fourth row uses the same architecture but with the
addition of metadata. Predictions in green, red and cyan are true positive,
false positives and false negative classifications respectively.

C. Varying Training Size

As mentioned in Section I, a classifier is more likely to
be invariant to intra-class appearance variations given a high
model complexity and enough training data. In the previous
section the classification performance increased with model
complexity. Using the optimised default configuration, we
now evaluate the effects of training size on the classification
results.

The training size can be isolated into two categories: the
number of labelled training images, and for the purposes
of a pixel classification algorithm, the number of training
instances, which are the multi-scale patches covering a
contextual region around single pixels in the images. Due to
spatial correlation in appearance, dense sampling of training
instances is not necessary. The algorithm run time and
memory requirements are linearly proportional to the number
of training instances, and the number of labelled training
images is proportional to the human labelling costs.

Figure 5 compares the classification performance against
number of training instances for the default configuration
with and without metadata. The results were evaluated over
multiple iterations while randomly shuffling the training,
validation and test sets. The classification F1-score increases
as we sample more instances from the training set, reaching
convergence around 500,000 training instances. The addition
of metadata results in improved classification performances
in all cases, having a greater advantage with lower number
of training instances. Additionally, for a fixed F1-score, the
inclusion of metadata allows for the same performance with
only a small fraction of the training instances (approximately
one half for 200,000 training instances). As the accuracies
reach convergence, the difference between the two classifi-
cation approaches also converges to a non-zero increment.

Fig. 5. Classification results against number of training instances with and
without metadata. The shaded regions illustrate 1 standard deviation in the
results.

In order to test the effect of the number of labelled training
images, a fixed number of instances are sampled from a
varying subset of the labelled data. The classification results
over the two configurations and different training instances
are illustrated in the first three plots in Figure 6. Considering
only the default case (red), there is a steady increase in F1-
score with a greater number of labelled images. There is also
a consistent improvement in the F1-score with the inclusion
of metadata across the choice of number of labelled images,
having a greater effect with a lower number of training
instances (highlighted in the last plot in Figure 6). This again
illustrates that we can use a fraction of the training instances
(and hence training time) if including metadata and achieve
the same classification accuracy.
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Fig. 6. Classification results against number of human labelled training images with varying number of training instances illustrated in the first three figures.
Each configuration is evaluated with and without metadata. The last figure shows the change in F1-score between the default and metadata configuration.
The shaded regions illustrate 1 standard deviation in the results.

D. Segmentation and Detection

Although a pixel-wise evaluation scheme exposes the
classifier performance for the task it was designed for, it
is important to ask what effect this has on the actual fruit
yield estimation accuracy. We apply several post-processing
steps to obtain more application focused results.

To enforce neighbourhood smoothness, morphological
erosion and dilation operations are applied to the classifica-
tion output. The optimal opening radius is evaluated over the
validation dataset. Pixel wise F1-scores are then recomputed
over the test image set. Table II shows these results for two
configurations. The morphological operations improve the
F1-score from 0.728 to 0.760 for the default configuration.
The inclusion of metadata increases this by 0.012. This
coincides with the qualitative results from Figure 4 where
the benefits of metadata result in discovery of new blobs of
data rather than refining classification around the boundaries
of the objects.

TABLE II
POST PROCESSED RESULTS WITH AND WITHOUT METADATA.

Evaluation Metric Metadata
None pi, p j , rn, sψ

F1-score Smoothed Pixels 0.760±0.007 +0.012±0.007
Detection 0.721±0.017 +0.022±0.017

Yield Est R-squared 0.68±0.01 0.78±0.02
Accuracy 81.6%±0.3 86.8%±0.8

Next we perform apple detection by matching regions
between the ground truth data and smoothed classifier output.
The watershed segmentation algorithm [19] was applied to
both the ground truth and predicted labels, and nearest neigh-
bour centroid matching was performed to register detection.
A true positive predicted segment was one that was within
10 pixels of a segment within the ground truth labels, and
otherwise labelled as a false positive. If segments from the
ground truth were not registered at all, they were classified
as false negatives. Through this, the F1-score was evaluated
over the test images and is shown in Table II. Consistent
with the previous observations, there is an improvement

(F1: 0.721→ 0.743) in the results with the inclusion of the
metadata.

E. Yield Estimation

A motivating objective behind improving classification
results is to obtain accurate yield prediction, which stems
from accurate detection results. Classification models were
trained over the entire labelled dataset and then prediction
was performed over the original images captured by the
ground vehicle. Due to occlusion in the data, even with
perfect detection we cannot directly observe the true number
of apples. Instead, we make the assumption that on average
there is a constant ratio of occluded to visible fruit, allowing
us to either map variations in yield over the farm or perform
yield estimation given some calibration data. For this data,
the grower counted and weighed the post-harvest produce of
15 rows individually, which provided ground truth (this is
too labour intensive for a commercial orchard to routinely
perform). Similar to [1] we linearly regressed whole row
pixel fruit counts to true fruit counts for yield prediction.
Morphological erosion and dilation was performed to smooth
the prediction results.

Images were down-selected with a 0.5 m spacing along the
rows to avoid double counting in subsequent frames. Pixel
counts were accumulated along each row and normalised by
the image density per metre to account for any remaining
image overlap. The regression r-squared value and yield es-
timate errors were evaluated over multiple training iterations
and are shown in Table II.

Using the default classification method without metadata,
we achieved an r-squared value of 0.69, comparable to 0.656
reported in [2]2. With the inclusion of metadata this increased
the r-squared value to 0.78, the best yet on this dataset.
The linear models can then be used to estimate the yield
in each row, from which the yield estimation accuracy can
be evaluated with the average absolute difference in the true
counts and the predicted counts. The inclusion of metadata

2The previous publication mistakenly reported an r-squared value of 0.81,
which was in fact the r-value.
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corresponded to an increase in accuracy from 81.6% to
86.8%.

F. Discussion

Through a wide range of network complexities, training
configurations and evaluation metrics, we have shown the
advantage of utilising metadata, which is available at no extra
costs to typical data capture methods or computational pro-
cessing cost. The improvement is maximum when operating
on a sub-optimal network with minimal training instances,
but starts to converge with the default case when the model
complexity is increased and/or a greater number of training
instances are utilised. It is therefore most advantageous to in-
corporate metadata to boost performance when an exhaustive
search to find the optimal classification architecture is not a
viable option or if training time is an important factor. On
the other hand, with abundant training samples and optimised
model complexity, we notice that the inclusion of metadata
never degrades results. If a particular set of metadata does not
contribute to the classification performance, the optimisation
algorithm automatically assigns low corresponding weights
during the learning phase.

VI. CONCLUSION AND FUTURE WORK

We have presented a classification approach for semantic
parsing of orchard image data, which utilises metadata cor-
responding to intra-class variations to consistently produce
more accurate classification results. The pixel-wise classifi-
cation algorithm was based on a multi-scale Multi-Layered
Perceptron within which, metadata relating to observed vari-
ations in data was incorporated. We evaluated the system
for fruit classification at an apple orchard, and used freely
available information such as pixel position, row number-
ing and sun position as metadata. By isolating individual
metadata we were able to evaluate the importance of each
information source, with the finding that pixel height was
most significant for this dataset. The learning algorithm was
also able to overcome irrelevant metadata without degrading
classification performance.

The addition of metadata was tested over multiple net-
works complexities, resulting in a pixel classification im-
provement from 0.683 to 0.725 in an unoptimised configura-
tion and from 0.728 to 0.751 over an optimised configuration.
Metadata analysis was also performed under different train-
ing configurations by changing the amount of training data
and training instances, resulting in an improvement in classi-
fication results in all cases. Finally, the process was analysed
over different evaluation metrics such as pixel classification
with smoothing, fruit detection and yield estimation, and
once again, the inclusion of metadata was shown to boost
performance in all cases. The results illustrate the advantages
of using metadata, which is often available at no extra costs
in field robotics applications.

Future work will look into incorporating additional meta-
data such as weather conditions and fruit types, covering
datasets spanning different farms and seasons. Additionally,
image classification and the effects of metadata will be

explored over different supervised learning architectures such
as Convolutional Neural Networks. Finally, we would like
to extend this to other field robotics applications outside of
agriculture (e.g. urban datasets), where appearance variations
can be linked to some quantifiable metadata.
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H. Kuhlmann, and R. Töpfer, “An Automated Field Phenotyping
Pipeline for Application in Grapevine Research,” Sensors, vol. 15,
no. 3, pp. 4823–4836, 2015.

[7] S. Bargoti, J. P. Underwood, J. I. Nieto, and S. Sukkarieh, “A Pipeline
for Trunk Localisation Using LiDAR in Trellis Structured Orchards,”
in Field and Service Robotics (FSR), ser. Springer Tracts in Advanced
Robotics, L. Mejias, P. Corke, and J. Roberts, Eds., vol. 105. Springer,
may 2015, pp. 455–468.

[8] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet classification
with deep convolutional neural networks,” in Advances in neural
information processing systems, 2012, pp. 1097–1105.

[9] K. Yamamoto, W. Guo, Y. Yoshioka, and S. Ninomiya, “On Plant
Detection of Intact Tomato Fruits Using Image Analysis and Machine
Learning Methods,” Sensors, vol. 14, no. 7, pp. 12 191–12 206, 2014.

[10] K. Dang and J. Yuan, “Location Constrained Pixel Classifiers for
Image Parsing with Regular Spatial Layout,” in Proceedings of the
British Machine Vision Conference. BMVA Press, 2014.

[11] Y. Song, C. a. Glasbey, G. W. Horgan, G. Polder, J. a. Dieleman,
and G. W. a. M. van der Heijden, “Automatic fruit recognition and
counting from multiple images,” Biosystems Engineering, vol. 118,
no. 1, pp. 203–215, Feb. 2014.

[12] D. Font, M. Tresanchez, D. Martı́nez, J. Moreno, E. Clotet, and
J. Palacı́n, “Vineyard Yield Estimation Based on the Analysis of High
Resolution Images Obtained with Artificial Illumination at Night,”
Sensors, vol. 15, no. 4, p. 8284, 2015.

[13] J. Tighe and S. Lazebnik, “Superparsing,” International Journal of
Computer Vision, vol. 101, no. 2, pp. 329–349, 2013.

[14] C.-A. Brust, S. Sickert, M. Simon, E. Rodner, and J. Denzler,
“Convolutional Patch Networks with Spatial Prior for Road Detection
and Urban Scene Understanding,” in International Conference on
Computer Vision Theory and Applications (VISAPP), 2015, pp. 510–
517.

[15] D. Erhan, Y. Bengio, A. Courville, P.-A. Manzagol, P. Vincent,
and S. Bengio, “Why Does Unsupervised Pre-training Help Deep
Learning?” J. Mach. Learn. Res., vol. 11, pp. 625–660, Mar. 2010.

[16] J. Martens, “Deep learning via Hessian-free optimization,” in Pro-
ceedings of the 27th International Conference on Machine Learning
(ICML-10), 2010, pp. 735–742.

[17] I. Goodfellow and D. Warde-Farley, “Pylearn2: a machine learning
research library,” arXiv preprint arXiv: . . . , pp. 1–9, 2013. [Online].
Available: http://arxiv.org/abs/1308.4214

[18] D. Rao, M. De Deuge, N. Nourani-Vatani, B. Douillard, S. B.
Williams, and O. Pizarro, “Multimodal learning for autonomous un-
derwater vehicles from visual and bathymetric data,” pp. 3819–3825,
2014.

[19] J. B. T. M. Roerdink and A. Meijster, “The watershed transform: Def-
initions, algorithms and parallelization strategies,” Fundam. Inform.,
vol. 41, no. 1-2, pp. 187–228, 2000.

5170


