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Abstract— For robotic technology to be adopted within the
agricultural domain, there is a need for low-cost systems that
can be deployed autonomously across a wide variety of crop
types, environmental conditions, and planting methods, without
extensive re-engineering. We present an end-to-end learning
approach for row following in agriculture, that can be used for
navigation on lightweight robotic platforms. Building on recent
work on deep convolutional neural networks (DCNNs) and end-
to-end learning approaches, we propose to train our DCNN to
output control commands directly from RGB image input data,
using a large-scale forest trail dataset and then fine-tune on
small datasets from agricultural settings. For this purpose, we
recorded data for row-following from a strawberry polytunnel
and a sugar cane field. Preliminary evaluation on independent
test datasets show promising results on a domain not seen
during training. This indicates that our approach generalises
well across agricultural domains, and that the low-level features
obtained from the trail dataset are relevant for agricultural
applications. Future work includes data capture from different
applications and seasons to train and test on more data, and
verify the control approach on a real robot or drone.

I. INTRODUCTION

Automating agricultural practices through the use of
robots (i.e. agri-robots) is a key strategy for raising farm
productivity and achieving sustainable food production for
future generations. To maximise efficiency and to avoid
damaging crops, agri-robots must be able to navigate precisely
and reliably through crop plantations. However, modern
food production techniques have resulted in diverse growing
environments – from greenhouses and polytunnels to open
fields – presenting a significant technological challenge for
the development of generally useful agri-robots.

External localisation systems such as DGPS/RTK-GPS [1]
can provide precise position information for robots, but such
systems are expensive and require a network of base stations
to provide real-time correction data as well as a precise
map of crop locations. Visual-inertial navigation (V-INS) or
VI-SLAM systems do not rely on external hardware and
enable impressively accurate state estimation for lightweight
autonomous vehicles [2], but they also require a precise map
of crop locations and suffer from coordinate frame drift in
agricultural settings due to the typically long non-overlapping
trajectories and self-similar environments.

There is therefore great interest in developing local navi-
gation solutions that enable the robot to extract some degree
of understanding from the current scene in order to make
intelligent guidance decisions. Such approaches could be
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Fig. 1: The mobile robot recording setup used to capture the
strawberry polytunnel dataset. A forward-facing, wide-angle
video camera (red circle) mounted above the robot was used
to capture images for offline training and testing. A DCNN
was trained to predict view orientation for autonomous row
following in a diverse set of agricultural scenes.

low-cost as they do not rely on external infrastructure or
precise maps, and the same technology could be flexibly
applied to diverse environments or other robotic platforms.
Our proposed method should be applicable to ground based
robots as well as aerial robots.

Existing local sensing approaches typically aim to segment
the scene into vegetation and non-vegetation classes based on
either 2D image data from RGB [3], [4] or NIR [5] cameras,
or 3D data from stereo systems [6] or scanning LIDAR [7].
The vehicle’s lateral offset from the preferred trajectory is
then computed by leveraging the typically linear layout of
crop plantations [6], [3], [4], [8]. However, 3D methods do
not perform well when crops are too sparse or too dense,
and 2D methods traditionally employ hand-crafted features,
or features that are specific for a particular environment, and
thus do not generalise well to other agricultural settings.

Here we build on recent work with deep convolutional
neural networks (DCNNs) to train optimised image features
for classification. In order to train environment-independent
features, the training dataset should comprise images from
very many different agricultural settings. To the best of our
knowledge, no such openly available general agricultural
dataset exists and collating and annotating such a dataset
would be costly, so instead we propose to leverage open trail-



following datasets that contain mixed vegetation and trail
scenes [9]. Our hypothesis is that a network trained to detect
features present in the trail-following dataset could easily be
adapted for crop row following in agricultural settings and
should perform well over a wider variety of environments
than networks trained on a small number of agricultural
scenes. Furthermore, we propose to use an end-to-end learning
strategy, i.e. using one single neural network to predict high-
level control policies directly from sensor data. This follows
on from the work of [9] and [10], who showed that end-to-
end learning can be successfully employed to overcome the
problem of designing control policies for aerial platforms in
scenes with widely varying appearances. We will train our
DCNN to output control commands directly from RGB image
input data. This should enable reliable crop row following
over a wider variety of agricultural settings and with more
flexibility than traditional local navigation approaches.

Specifically, we propose to 1) use existing large-scale
datasets for trail following to train DCNNs for crop row
following; 2) use fine-tuning on smaller domain-specific
datasets to adapt the trained networks for use in agricultural
environments; and 3) investigate how the networks should
be trained to generalise as well as possible to diverse
agricultural settings without additional data capture. We
present a preliminary evaluation of our approach in two
different agricultural domains: strawberry polytunnels and
sugar cane fields. We also investigate visualisation techniques
to analyse the features and decision structures learned by the
networks.

II. RELATED WORK

In this section, we will focus on literature regarding
deep neural networks for robotic control based on RGB
cameras. This literature is often focused on aerial robots, but
is applicable to other mobile robot platforms as well.

Recently, there has been an increasing amount of work on
learning control policies directly from RGB images using deep
neural networks. Reinforcement learning in particular has
seen great success in game settings, but require an extremely
large number of training examples, which are usually not
possible to collect in real environments. Transfer of networks
trained purely on simulated data to real-world scenarios has
been successfully demonstrated by [11], showing image-based
autonomous indoor flight with a drone without using any
real images for training. AirSim [12] provides a simulation
environment specifically targeted for outdoor aerial platforms,
but there are very few simulation environments available.
With such diversity in environments and tasks, building a
full simulation environment for all agricultural applications
is infeasible.

Supervised learning approaches require fewer samples
compared to reinforcement learning, but the samples must be
labelled. The success of DCNNs in object recognition and
detection is due mainly to the massive amount of manually
labelled data in datasets like ImageNet [13] and Pascal VOC
[14]. Networks pre-trained on such datasets can often be
used directly as general feature extractors for domains that

are represented in the dataset (e.g. pedestrian detection for
Pascal VOC), but training DCNNs for other domains, such as
agriculture, requires large amounts of new data to be collected
and annotated, which is both time-consuming and expensive.

Recent work has shown promising results in supervised
end-to-end learning of high-level control for aerial robots [10].
However, for autonomous control of aerial robots it is often
not practical or possible to acquire large scale labelled datasets
in flight, thus [10] use a car driving dataset from Udacity1

to train a drone to follow roadways. This approach gives a
continuous output and can be taught a wide range of control
policies, but since it needs ground truth steering commands,
it requires an expert driver for data capture. A simpler data
collection approach was employed by [9], who collected
an extensive dataset for prediction of view orientation on
forest trails with a head-mounted three-camera rig, which
gave a built-in labelling of orientation (left/straight/right).
Based on this, they trained a view orientation classifier,
which was used to compute yaw control of a drone from
RGB images only. [15] developed this approach further by
experimenting with different network architectures and adding
lateral control, which showed improved performance and
indicated good generalisation capabilities within the trail
domain. This approach allows ground truth commands to be
easily generated during data capture, but is limited somewhat
by the type of steering commands that can be learned.

We expect that the IDSIA trail dataset2 from [9] better
captures typical agricultural features like vegetation and soil
than for instance the Udacity city driving dataset. Thus, we
select this dataset for pre-training our DCNN.

III. METHODOLOGY

Our approach uses a deep convolutional neural network
(DCNN) to learn steering angles from images labelled with
different viewpoints. We pre-train our DCNN using the
large-scale IDSIA trail dataset before fine-tuning the top
(classification) layers with our own smaller dataset recorded in
a strawberry polytunnel. We investigate several regularisation
techniques to improve the generalisation capability of the
trained network as much as possible prior to fine-tuning.

A. Network architecture

Our approach is based on the principles from the trail
following method in [9]. As a starting point, we use the
VGG16 [16] network architecture, a popular and well-tested
architecture that was also used in [15] for trail following. The
last fully-connected layer was modified to work with three
output classes and the input size was changed to 150x150.
An overview of the network architecture is shown in Fig. 2.

B. Datasets

1) Trail dataset: The IDSIA Swiss Alps trail dataset from
[9] consists of several kilometres of trail recordings. The
images are recorded with a rig of three cameras looking left,
straight and right, that makes up the ground truth labels for the

1Available at https://github.com/udacity/self-driving-car

2Available at http://people.idsia.ch/~giusti/forest/web/
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Fig. 2: Network architecture for VGG16 with dropout on
fully-connected layers and 3 output classes. Dropout layers
was added to enable experiments with regularisation, but not
used in the "original" version.

three viewpoint classes. The dataset contains different kinds
of trails, and also has some road sections. Most recordings
are from the same season, probably late autumn, and have
very little green vegetation. See Fig. 3 for example images.
As in [15], we used the folders 003, 008 and 010 for testing,
and the remainder for training.

2) Agricultural datasets: We recorded two new datasets
for row following in agriculture, with a recording approach
similar to that described for the IDSIA dataset. The first
dataset comprises a strawberry polytunnel, and was captured
using a mobile robot equipped with a Basler Ace camera and
Sunex 190 degree fisheye lens mounted on a pole to mimic a
drone’s perspective (Fig. 1). Video sequences were recorded
while driving straight along the strawberry rows in the tunnel,
by means of an autonomous control system not part of this
work. By using a wide-field-of-view camera instead of a
fixed rig of three cameras, we could extract virtual camera
views from any angle after the recordings were made. To
make it compatible with the IDSIA dataset and the 3-class
viewpoint classification, virtual camera views were extracted
with a field of view of 140 degrees and offsets of -27/0/27
degrees (similar to the GoPro rig described in [9]). Example
images from the dataset are shown in Fig. 3. The images
in the strawberry polytunnel dataset are quite self-similar,
despite the robot driving along two separate rows from both
directions. To make the test data as different as possible, the
recordings from the second row was reserved for the test
dataset.

The second agricultural dataset was recorded with a mobile
phone in a sugar cane field in Brazil. The videos were
recorded by walking straight along a row and holding the
camera in one of three different directions. Example images
are shown in Fig. 3.

C. Training procedures

1) Framework and setup: Our network was first trained
on the IDSIA dataset as described in [15] using the Keras
framework [17] with a Tensorflow backend. Hyperparameters
not stated in [15] were determined empirically. To avoid many
similar training images, every second image was sampled,
resulting in 7571 different images in the training set, prior to
augmentation. The folders in the IDSIA training set were split

Fig. 3: Example left, straight and right class images from
the different datasets: a) IDSIA (forest trails), b) Sylling
(strawberry polytunnels), c) Brazil (sugarcane fields). The
two agricultural datasets are very different; the strawberry
tunnels are very structured and self-similar, while the rows
in the sugar cane field are almost hidden in the tall grass.

2/7 for validation/training. We used built-in data augmentation
in Keras: random shear (0.2), zoom (0.2), horizontal flips,
rotation (10 degrees) and height shift (0.2). Transformations
that would change the class of the image, such as random
crops was omitted, and for the horizontal flip the left/right
labels was swapped. The network was trained with the Adam
optimiser [18] with categorical cross-entropy loss, a learning
rate of 7 · 10

−5 and a batch size of 32 for 50 epochs. This
takes 3.5 hours on a TitanX GPU. Model checkpoints were
saved every 5th epoch, and the model with the best validation
accuracy was picked for further testing.

2) Regularisation: We experimented with three common
regularisation techniques during training: Early stopping,
weight decay, and dropout. Early stopping was implemented
by picking the model with the lowest loss after 50 training
epochs. The L2 parameter norm penalty, also known as weight
decay, was implemented through the kernel regulariser for
each layer in Keras. Dropout was implemented via the Keras
dropout layer. We experimented with different values for
learning rate and the hyperparameters of weight decay and
dropout during training. The most promising combination was



weight decay with regularisation strength 0.001 and dropout
with probability 0.5 on the fully-connected layers only, trained
with a learning rate of 1 · 10−5.

3) Fine-tuning: fine-tuning was done by freezing all the
layers except the fully-connected layers on a model pre-
trained on the IDSIA dataset, and then running the training
procedure on the Sylling training set with a very low learning
rate (7 · 10−8). The training was run for 50 epochs, and
model checkpoints were saved such that we could pick the
final model from any time in the training process. Since the
dataset is small and we only train the top layers, this training
procedure is quite fast (50 epochs takes 22 minutes on a
TitanX GPU).

D. Visualisation of deep neural nets

The Picasso visualisation framework [19] was used to
obtain saliency maps for selected example images. Activation
maps are extracted directly from the layers in Keras.3

IV. EXPERIMENTAL RESULTS

In this section, we show preliminary quantitative results for
the view orientation classification for different datasets. As
the amount of agriculture-specific data is very limited, we first
investigate the performance and generalisation capabilities
of different regularisation strategies using a network trained
on the large-scale IDSIA trail dataset. We then compare our
network’s performance in agricultural settings before and
after fine-tuning with domain-specific data.

A. Regularisation

Training experiments with different regularisation ap-
proaches were performed with the IDSIA training set as
described in III-C.2. The two most promising models from the
training experiments was then evaluated on the IDSIA, Sylling,
and Brazil test datasets to investigate their generalisation
capabilities.

The results in the upper part of Table I show that the
original network implementation with no explicit fine-tuning
scores well on the IDSIA test set (about the same accuracy
as the one reported in [15]), but performs worse than random
guessing on the agriculture datasets. With any of the two
regularisation strategies, performance is reduced somewhat
on the IDSIA dataset but shows improved accuracy for
the agriculture datasets, although the error rates are still
unacceptably high. The confusion matrices in Fig. 4a–c reveal
that the classifier fails to recognise the straight class in the
two agriculture datasets. The IDSIA classification is biased
equally towards left and right, while the Brazil classification
is biased towards the right class.

As further discussed in Section V, visualisation indicates
that the network with weight decay and dropout has better
generalisation properties, and this was therefore chosen as a
basis for further experiments with fine-tuning.

3Visualised with a modified version of https://github.com/

philipperemy/keras-visualize-activations

TABLE I: Accuracy on different datasets. Upper part: Trained
on IDSIA dataset only, different regularisation strategies.
Lower part: Pre-trained on IDSIA, fine-tuned on Sylling.

Test accuracy [%]
IDSIA Sylling Brazil

Original (no explicit regularisation) 89.1 29.6 28.1
Early stopping 87.9 77.0 55.5
Weight decay and dropout on top layers 88.9 65.7 64.0
Fine-tuned on Sylling data 85.9 96.9 98.4

(a) IDSIA (b) Sylling (c) Brazil

(d) IDSIA (e) Sylling (f) Brazil

Fig. 4: Confusion matrices for prediction on different datasets
before (a–c) and after (d–f) fine-tuning, for the network with
weight decay and dropout on top layers. This shows that the
Sylling and Brazil classification fails on the straight class
before fine-tuning.

B. Fine-tuning

The accuracy on the test datasets before and after fine-
tuning is shown in the lower part of Table I, and the confusion
matrices are shown in Fig. 4d–f. As expected, we see a
decrease in performance for the IDSIA data after fine-tuning
with Sylling data, and increased performance for the Sylling
data. The Sylling test dataset is however quite similar to the
training dataset. It is therefore more interesting to look at
the result for the Brazil dataset, which was not seen during
training and comprises scenes very different to those of the
Sylling dataset. We observed that the test accuracy of the
Brazil dataset increased from 64% to 98.4% after fine-tuning
on Sylling data – a significant performance improvement on
an unseen domain.

V. DISCUSSION

Our approach shows promising classification results in our
initial tests with diverse agricultural data. In this section we
analyse our results using several visualisation techniques to
try and better understand the benefits and limitations of this
approach as well as the differences between regularisation
techniques and the effect of fine-tuning.

https://github.com/philipperemy/keras-visualize-activations
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Fig. 5: Saliency maps for example images and different
network versions. Upper part: regularisation a) original (no
explicit regularisation); b) early stopping; c) weight decay
and dropout on top layers. Lower part: i) before fine-tuning;
ii) after fine-tuning. Saliency maps indicate which parts of
an input image trigger a particular class the most – here we
illustrate the response for an example of the straight ahead
class.

A. Regularisation

In Table I, the original network (without explicit regulari-
sation) showed a clear tendency for overfitting on the IDSIA
training data, and while the two regularisation techniques
showed improved performance on the diverse test datasets,
it is difficult to judge generalisation ability based solely
on accuracy metrics. This is highlighted by the saliency
(Fig. 5) and activation (Fig. 6) maps for the three different
networks. As seen in the upper part of Fig. 5, the saliency
map for the original network shows a very specific and
localised response, which is still present for the early stopping
network. However, the network regularised with weight decay
and dropout shows broader and smoother responses with
distinguishable responses for trail and vegetation regions,
indicating features that might more robustly be transferred
to diverse environments. There is also a clear difference
in the activation maps (Fig. 6): the regularised networks,
especially that with weight decay and dropout, have more
activated layers, meaning that a larger portion of the network
is actually in use.

Both the saliency maps and the activation maps indicate
that the early stopping network has features that are less
developed and will be more prone to overfitting than the
weight decay and dropout network. It was therefore concluded
that the weight decay and dropout regularisation approach
was a better starting point for fine-tuning the network for
agricultural settings.

Fig. 6: Activations of 64 of the filters in Layer 2 of Block
3 in 2, during forward pass of one example trail image, for
different regularisation approaches: a) Original (no explicit
regularisation), b) Early stopping, c) weight decay and dropout
on top layers. (Contrast has been enhanced to help visibility.)

With proper regularisation, the performance of our network
on the Sylling and Brazil datasets improves to an accuracy of
around 66% (Table I). However, it is clear from studying the
confusion matrices (Fig. 4) that, although the left and right
classes perform well, the straight ahead class performs very
poorly. This is an interesting result and highlights the fact
that each class is learned independently by the network – i.e.
there is no logical relationship between the learned classes.
The particular features learned by the network to represent
the straight ahead class in the IDSIA trail dataset are not
well represented in the agricultural datasets. This could be
as a result of evident differences between the forest trail
and agricultural domains – namely that in the agricultural
datasets, the sky or tunnel ceiling is clearly visible in all cases
and provides little information on the location of the crop
row, whereas in the trail dataset the sky is often occluded
and the upper image regions contain background vegetation.
Features in the upper image region that may have been
strong indicators for the straight ahead class in the trail
dataset no longer provide useful input for the agricultural
data and hence, the network performs poorly for this class.
This explanation is supported by the saliency maps for the
regularised network when tested with agricultural data (Fig.
5), which show significant activations in the sky region prior
to fine-tuning.

Representing the guidance problem as a regression with
continuous steering angle should permit a more logical
relationship between outputs and avoid unexpected network
behaviour like that described above. Our data collection
setup, with wide-field-of-view camera and virtual viewpoints,
supports this approach, but the data collected in the IDSIA
trail dataset does not. We plan to collect additional datasets
to investigate this approach.

B. Fine-tuning

The network accuracy on agricultural test sets following
fine-tuning indicates that the spectrum of features learned
from the trail data is broad enough to encompass those
features present in the agricultural domain, verifying our
initial hypothesis. This also indicates that the feature detec-
tion/classification layers of our DCNN could be efficiently



adapted to the agricultural domain with little new data, and
generalise well to diverse agricultural settings.

The changes made to the classification layers during fine-
tuning have altered the relative weights of the various features
used to distinguish between orientation classes. As discussed
above, there are some evident differences between the trail
data and agricultural data, and fine-tuning has made the
fully-connected layers more focused on detecting the rows
in the lower part of the image, since there are no relevant
features above the horizon. This observation applies also for
many other agricultural applications, and it will be interesting
to perform additional testing with different environmental
conditions and settings to investigate this further.

VI. CONCLUSIONS

We have presented an approach for learning row following
in agriculture, that can predict steering angles from RGB
images only, enabling lightweight autonomous navigation
for e.g. low-flying drones and lightweight agriculture robots.
We trained a deep neural network based on a large-scale
trail dataset, and fine-tuned on our own agriculture dataset,
showing promising results for an agricultural domain not
seen in training. Our preliminary results indicate that our
approach has the advantage of enabling a proficient, pre-
trained base network to be easily adapted to new domains
with little application-specific data. The adaptation is done
by fine-tuning a small part of the network, which gives a
more rapid test cycle than full training of a deep network,
and opens up for the possibility to adapt the system for new
applications or seasons on-site in the field.

VII. FUTURE WORK

It should be noted that the agricultural datasets used in
this paper are very small and can only give a preliminary
indication of the performance of this approach. More data
is needed for further training and testing of varying seasons
and applications.

To date, we have only evaluated classification performance
for our network, and not control policies. The control policy
used here is very simple – discrete yaw commands – which
results in jerky control patterns and can have difficulties
recovering from lateral offsets. This can be improved by
adding lateral control as in [15], which requires one more
camera in the recording setup. Alternatively, one could learn
steering commands directly as in [10], but this increases the
complexity of the recording step.

Our network was trained on settings with a single row, and
our agricultural test sets contained a single predominantly
visible row. For many agricultural settings, multiple rows
would be visible in each input image, which may confuse our
network. In future work we will investigate how the presence
of multiple crop rows impacts network performance and
whether this problem could be overcome by augmenting the
training datasets, or by utilising alternative network designs,
e.g. recurrent networks that might enable the robot to “lock
on” to the current row.

We also plan to perform tests on a real robot or drone in
an agricultural setting to verify the control performance.
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