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Abstract: Harvesting operations in agriculture are labour-intensive tasks. Automated solutions can
help alleviate some of the pressure faced by rising costs and labour shortage. Yet, these solutions
are often difficult and expensive to develop. To enable the use of harvesting robots, machine vision
must be able to detect and localize target objects in a cluttered scene. In this work, we focus on
a subset of harvesting operations, namely, tomato harvesting in greenhouses, and investigate the
impact that variations in dataset size, data collection process and other environmental conditions
may have on the generalization ability of a Mask-RCNN model in detecting two objects critical
to the harvesting task: tomatoes and stems. Our results show that when detecting stems from
a perpendicular perspective, models trained using data from the same perspective are similar to
one that combines both perpendicular and angled data. We also show larger changes in detection
performance across different dataset sizes when evaluating images collected from an angled camera
perspective, and overall larger differences in performance when illumination is the primary source of
variation in the data. These findings can be used to help practitioners prioritize data collection and
evaluation efforts, and lead to larger-scale harvesting dataset construction efforts.

Keywords: deep learning; generalization; object detection; greenhouse

1. Introduction

Harvesting is one of the most labour-intensive tasks in commercial vegetable green-
houses. Finding labour to carry out these tasks, however, continues to be a challenging
problem. In many developed countries, both an aging population and restrictions on
immigration have contributed to problems in labour shortage. Other events such as the
COVID-19 pandemic have also led to restrictions on labour movement and shed light
on the impact of labour shortage on food security. As such, there is currently significant
interest in deploying robotics systems for harvesting tasks.

A robotic system capable of performing harvesting relies on the success of many
different components. The vision system is one such critical component, which enables
capabilities such as the detection and localization of objects within a scene or classification
of images. Vision systems based on deep learning have become highly popularized in
recent years [1–5], and while they can often achieve a high level of success in these tasks,
they are known to require a tremendous amount of data in order to be trained from scratch.
In situations where data may be sparse, including uncommon tasks such as greenhouse
crop harvesting, or situations where a robot is initially deployed to new or different
environments, it can be difficult to anticipate how the vision system will perform.

In this work, we explore these questions as part of a vision system which will be used
for a robotic harvesting operation in a commercial greenhouse environment. We collect
data under a diverse set of real-world conditions and experiment with how differences in
dataset size, as well as how changes in camera pose, illumination, and task (i.e., front-facing
detection vs. an eye-in-hand configuration for path planning) affect a model’s generalization
ability for detecting classes of tomato and stem objects.
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2. Related Work
2.1. Greenhouse Operations

As tomato plants grow, they begin to bear flowers, fruit, and foliage. Workers typically
attach string to the individual plants to encourage vertical growth. To control the growth
rate of tomatoes, workers selectively perform de-leafing, which removes a layer of leaves
above the tomatoes and allows them to absorb light and continue to ripen (e.g., causing the
visibility of tomatoes in Figures 1–3). During harvesting, tomatoes are separated from their
peduncle (individually or in clusters) and placed into baskets for future processing. During
the harvesting and de-leafing processes, care must be taken to (a) not damage the main
stem of the plant and (b) only harvest tomatoes which are sufficiently ripe and ready to be
harvested. Objects such as tomatoes and stems are critical to the success of the operation in
both cases and, as such, form the two object classes studied in this paper.

Figure 1. Cart system. Two cameras collect different views of the same scene.

(a) Perpendicular camera. (b) Angled camera.

Figure 2. Instance-level labelling for tomato and stem segment instances from both cameras. Colours
are used to differentiate different labeled instances only.
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(a) Pose-PC dataset. (b) Pose-AC dataset. (c) Illumination dataset.

(d) Task dataset.

Figure 3. Variations of the same tomato harvesting operation under different conditions. Pose:
perpendicular camera (PC, (a)) and angled camera (AC, (b)). Illumination: (c) data collected in a
previous year when the weather impacted the imaging conditions. Task: (d) data collected by a
camera mounted on a robotic arm, in the process of calculating an approach plan for harvesting
a tomato.

2.2. Object Detection for Greenhouse Processes

An important first step in any harvesting pipeline is to detect and localize the target
vegetables or fruit. Traditional approaches based on computer vision and domain knowl-
edge may opt to target the detection of specific features of the objects, including the shape
and colour [6–9]. These approaches, however, can be brittle when applied to different
environments. In recent years, data-driven approaches based on learning features from
the data, including those based on object detection architectures, such as Mask-RCNN [10]
or the YOLO family of object detectors [11], have become prominent. These applications
are diverse and have included objects such as tomatoes [12–19], peppers [20], and pedun-
cles [16,21], as well as branches and stems [22–24].

One of the challenges in designing vision systems and, in particular, object detection
models for greenhouse applications is the variety and complexity of the tasks the robot
needs to solve. Different tasks may require the use of different labelling methodologies
(e.g., bounding boxes versus polygons), may deal with different object classes (e.g., stems,
tomatoes, peppers, and leaves), may be used for different applications (such as count-
ing [25] or tracking the main stem [22]), or may have different performance constraints,
such as accuracy versus inference speed. While there are many different datasets which
may be suitable for training models on general fruit and vegetable detection tasks, includ-
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ing CropDeep [26] (containing 30 categories of fruit and vegetables at different growing
stages) and Laboro Tomato [27] which can be used for tomato segmentation and ripening
classification, there is no one-size-fits-all dataset available for greenhouse harvesting.

2.3. Learning as a Domain Generalization Perspective

Feature representation models leverage data to directly learn which types of features
are necessary for solving a particular problem. As such, the composition of a dataset has a
direct impact on what a model will learn and how it will perform. A robot trained using
data from a greenhouse illuminated by sunlight will learn different representations than
one trained in indoor lighting alone. The problem we are interested in studying in this work
is one of domain generalization [28] applied to greenhouse environments. By controlling
for many of these factors individually (including the choice of model), we can, in part,
control the gap between datasets and study how a robot’s performance may generalize
to novel situations. While some works have proposed ways to efficiently leverage data
for bridging the dataset gap or detecting new classes, such as that by Riou et al. [29], our
current investigation is solely focused on understanding how input data affect the models
generalization ability.

With respect to vision systems, it is not uncommon for these systems to be designed to
specifically handle different parts of the harvesting process. For example, Rong et al. [16]
first performs an initial tomato cluster detection and then subsequent eye-in-hand tomato
and peduncle segmentation. Many vision systems may also propose strategies for trying to
control different factors of variation. For example, the Flash-No-Flash technique was devel-
oped by Arad et al. [20] for controlling lighting, and in [12], Afonso et al. selectively collect
data at night without illumination. As there will always be differences in environmental
conditions within greenhouses, understanding how these differences may affect a vision
system’s performance is a vital step in automating harvesting applications and is one of the
primary reasons for our current investigation.

2.4. Contributions

In this paper, we investigate the robustness of a vision model based on deep learning,
given different variations observed in the greenhouse environment and how data may be
collected. We investigate three factors:

1. When a robot approaches a plant for a harvesting operation, it is expected that multiple
images will be taken from different angles to mitigate any occlusion or clutter in the
scene. We investigate the impact of camera angle on the detection accuracy of a
Mask-RCNN model in detecting two target objects: tomatoes and stems.

2. Labelling large amounts of data used in deep learning applications is often a significant
challenge. We investigate the impact of dataset size on a model’s generalization by
training a model on similar conditions but through different camera views.

3. Imaging within and across different greenhouses is not expected to be consistent. For
example, different cameras might be used with different resolutions under different
lighting conditions. We investigate the impact on generalization of training a model
using different datasets and evaluate the performance across different sensors and
different environmental conditions.

3. Methodology

Our study is primarily an investigation on how different sources of variation within
the input data affect a model’s ability to generalize to different greenhouse environments.
We require input data which have been labelled in a consistent way (i.e., polygons) and
include tomato and stem classes, and we require samples from within a dataset to have been
collected under similar conditions. Throughout all learning experiments, we standardize
on a single object detection architecture (Mask-RCNN [10]). We introduce our data and
experiments below.
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3.1. Data Collection and Processing

All of the datasets in this work were collected from real-world commercial vegetable
greenhouses. These datasets include different variations in sensor type, environmental
conditions, and the camera angle that images were taken at.

3.1.1. Camera Angle Dataset Collection

To isolate the effects of camera angle on model learning and generalization, a custom
cart system was developed to collect images systematically. The cart was able to travel
smoothly along rails installed within commercial greenhouse rows and could collect images
at a consistent height and camera pose. The cart consists of the following components: (a) a
vertical and horizontal mast, (b) two fixed-pose cameras (Intel RealSense d435, Intel, Santa
Clara, Calif.) and (c) a base and set of four wheels. An image of the system can be seen in
Figure 1.

The two cameras were installed on the horizontal mast at a distance of 30 cm apart
from each other. One camera was chosen to be a perpendicular camera (PC) and face the
tomato plants directly, while the second was chosen as an angled camera (AC) and was
angled 25◦ towards the other. During data collection, an encoder was used to trigger image
capture every 10 cm travelled by cart. During image capture, images from both cameras
were collected simultaneously and are referred to as an “image pair" in this work. Cameras
were set to a fixed resolution of 1080 × 1920 pixels throughout data collection.

3.1.2. Perpendicular and Angled Camera Dataset Processing

A total of 100 sequential image pairs were selected for labelling from the collected data.
We refer to these as “Pose-PC” and “Pose-AC”, and they reflect which source camera was
used to capture the image (perpendicular or angled, respectively). In this work, we target
the detection of tomatoes in the foreground and background and stems occurring in the
foreground only. As the stems represent long, continuous objects which would often span
across the entire image, we chose to further standardize this class and break the problem
into detecting “parts” of a stem rather than the full stem itself. To obtain these different
parts, we used natural breakpoints in the stem, which included locations where bands
were attached to wires (controlling the plant’s height), or by tomato clusters. A sample pair
of labelled images can be seen in Figure 2. Labelling was performed using polygon-level
annotations via Label Studio [30], and a previously trained Mask RCNN model was used
to help facilitate labelling by proposing the initial object masks. These masks were then
refined by our team, and any missing masks were added as necessary.

3.1.3. Additional Datasets

In addition to the perpendicular and angled-camera datasets, two additional datasets
collected prior to this date and under different conditions will also be used in this work.
The first dataset, “Illumination”, was collected during a field visit to a commercial green-
house in 2017 (Figure 3c). This dataset contains a total of 175 images, each with a size of
2048 × 2448 pixels. One of the key differences between this and the Pose-PC/AC datasets
is in the higher contrast and poor illumination, due to originally being collected during an
overcast day. The fourth dataset, referred to as “Task” (Figure 3d), was collected with a
camera attached to a robot’s arm, angled 54◦ towards the row. Images were collected with
an Intel RealSense d435 camera (Intel, Santa Clara, CA, USA) This dataset was collected to
help facilitate path planning for the robot arm to move towards a detected fruit during the
harvesting operation. In contrast to the other datasets, it is a wide-perspective dataset from
a different vantage point, where many more tomatoes and stems are visible. It contains a
total of 184 labelled images.

3.2. Experiments Performed

To control for variations in the learning dynamics and model behaviour, a single type
of deep learning model architecture was used in this work. Mask-RCNN [10] was selected
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due to its ability to handle polygon-level annotations for instance segmentation, and ease
of availability and extension via the Detectron2 [31] library. Each model was built on top of
models pre-trained on the COCO dataset, and were fine-tuned to each of our tasks. For each
experiment, we began with the same pre-trained model and fine-tuned it for 5000 iterations.
We used a learning rate of 0.005, a batch size of two images, and the SGD optimizer. The
same hyper-parameters were used across all training settings.

3.2.1. Evaluation Metrics

In object detection and instance segmentation tasks, choices in parameters such as the
intersection over union (IoU; a threshold monitoring the overlap between ground-truth
labels and predictions) as well as the confidence threshold are used in measuring the
model’s performance. These metrics include the mean average precision (the mean of the
area under the precision–recall curve for each object class), as well as the recall. In this work,
we used a fixed IoU threshold of 0.50 and calculated the metrics independently for each
object class to help understand how the performance of the models changes under different
conditions. Thus, we report the Average Precision (AP50) and recall at this threshold level.

3.2.2. Experiment 1: Generalization across Camera Angles

To understand how the camera angle impacts the detection of tomato and stem object
classes, a 5-fold cross-validation strategy was employed to partition data from the Pose-PC
and Pose-AC datasets into training and testing sets. As these data were originally collected
in pairs (a parallel image and angled image), we create the 5 folds for both perpendicular
and angled datasets at the same time, and assign each pair of images to be a part of the train
set or test set, respectively. To evaluate the performance of the models across both datasets
(e.g., a camera perspective of the greenhouse that the model has seen and a perspective it
has not), we used the test corresponding to the specific fold. For example, when a model
was trained on fold i for the perpendicular dataset, it was then evaluated against fold i
belonging to both the perpendicular and the angled datasets. We also created a combined
“Pose-Both” dataset, which combines the training data from both source datasets.

3.2.3. Experiment 2: Generalization across Dataset Sizes

Collecting millions of labelled data of greenhouse scenes for training a robot vision
system is prohibitive. In this experiment, we evaluated how the dataset size used for
training a Mask-RCNN model had an effect on its ability to generalize across different
camera views. In order to control for effects stemming from the dataset size only, we first
randomly selected 30% of both the Pose-PC and Pose-AC datasets to be used as a test
dataset, and then randomly selected 25%, 50%, 75%, and 100% of the remaining images to
be used as a training set. Keeping the test set fixed across all evaluations, we repeated this
sampling procedure for the training set a total of 5 times for each dataset and training data
fraction, trained the models, and recorded the average results.

3.2.4. Experiment 3: Generalization across Different Datasets

While experiments 1 and 2 focused on the evaluation of data collected from the same
process and from the same camera model, for a robot operating in a new environment,
there is also a need to understand how performance will change under new conditions.
Using the models trained on the combined datasets (Pose-Both) from Section 3.2.3, we
evaluated the performance on the two additional “Task” and “Illumination” datasets. The
pose model was chosen, as it represents the most typical set of characteristics expected in a
greenhouse environment (e.g., consistent lighting and roughly eye-level with crops). We
recorded their results along with the performance from the two previous pose datasets.
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4. Results
4.1. Experiment 1: Generalization across Camera Angles

Figure 4 shows the results from training and testing the model on the camera angle
datasets. In both figures, the results are organized by which dataset was used to train the
model (bar colours), and which target object class and dataset it was evaluated against.
The dashed bars represent the cases where both the training and testing sets came from the
same dataset. For example, in the left set of bars in Figure 4a, the testing set was selected
from the Pose-PC dataset. When the training set was also picked from the Pose-PC set, the
bar was dashed.
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Figure 4. AP50 score and recall using 5-fold cross validation. Dashed lines on the bars represent the
same source training and testing scenario.

In all cases, training a model on the combined Pose-PC and Pose-AC datasets improved
the models AP (Figure 4a). For stem detection, however, there is a large discrepancy
between the performance of the Pose-PC and Pose-AC trained models. When the models
were evaluated on the stem class belonging to the Pose-PC camera, there was a minimal
change in performance when considering a model trained on Pose-PC data only and the
model trained using both available datasets. When considering stem detection on the Pose-
AC camera (far right group of bars), the best performance of the models was achieved when
data from both datasets were available. This discrepancy could indicate that representations
of the stem class are not as important when training on angled data and transferring it to
perpendicular data, as it is when training on perpendicular data and transferring it to the
angled case. The recall graphs (Figure 4b) closely resemble those of the AP graphs, and the
greatest performance is obtained when considering data from both datasets. For reference,
differences in stem features can be seen in Figure 3.

4.2. Experiment 2: Generalization across Dataset Sizes

Figure 5 shows the effects of using various sizes of training data on the model ability
to detect stem and tomato objects. Models which were trained and tested on data from
the same source camera are highlighted using dashes. In Figure 5a, adding more data
and testing on the perpendicular camera (Pose-PC) dataset has a relatively muted gain in
performance. This trend is also reflected in the corresponding recall graphs in Figure 5b.
The more noticeable improvements can be seen when testing on the angled camera (Pose-
AC) datasets (bottom two sets of graphs).

With respect to the two Pose-AC graphs, there is also a noticeable gap in performance
across all dataset sizes when comparing the performance of the Pose-PC model to the
Pose-AC and Pose-Both counterparts. The effects on model recall (Figure 5b) generally
show similar ranking performance to those shown in Figure 5b, with a slight exception
when evaluating on the tomato class from the Pose-PC dataset. We discuss the performance
within the context of using pre-trained object detection models for objects in greenhouses
further in the discussion.
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Figure 5. Precision and recall of models trained across different dataset sizes and views. Data trained
and evaluated using the same source camera view are highlighted using dashed lines.

4.3. Experiment 3: Generalization across Different Datasets

Detection results using different training set sizes, across each of the four different
greenhouse environments, can be seen in Figure 6. As seen in the figure, the Illumination
dataset (which has highly different illumination and contrast characteristics from the Pose
datasets) was consistently one of the most difficult cases for the trained models.

In terms of precision (Figure 6a), all datasets improved only fractionally when more
data were added to the Pose-Both model, with the illumination dataset having the flattest
improvement. The stem class on this dataset, however, also showed the largest uncertainty
in terms of error bars. The performance when generalizing to the Task dataset was consid-
erably better than the illumination dataset. This dataset has many similar characteristics
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to the Pose-PC and Pose-AC datasets but offers a wider perspective of the scene (i.e., can
see further down the greenhouse row), with often many more tomatoes and stems being
visible. The relative overall drops in performance of these two datasets—datasets we are
trying to generalize to without additional training data—highlight which conditions may
be easier than others and which sensors should be used when considering generalization.
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Figure 6. Precision and recall for the Pose-Both model, evaluated across the various datasets explored
in this work.

5. Discussion

When evaluating the effects of camera angle on the models detection performance,
training and testing on data from the same camera view generally exhibited stronger
performance than when compared to the model which had not seen the specific view. This
result follows the expectations that when the training and testing conditions are more
similar, the model is expected to perform better. If only one camera view is available for
training, however, for stems, the results from these figures suggest that training on data
from the perpendicular camera may be more beneficial than training on those from the
angled one. These results also give insight into a slightly different situation as well: if
the performance differences between the different views are not significantly large, how
should you choose which one works best? As a hypothetical answer, we could possibly
pick one that maximizes insight into other parts of the process—for example, one that
offers better views of the tomato peduncle for cutting, or one that optimizes harvesting and
path-planning efforts.

When evaluating the effects of dataset size on the model’s generalization ability, the
detection performance can be seen to generally be better in the cases of (a) evaluating
on stems (compared to tomatoes) and (b) evaluating on data from the angled camera
(compared to the perpendicular). This kind of result could suggest that if someone wished
to prioritize data-labelling efforts, tomatoes may not be as important as other classes (such
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as stems). One of the reasons for this could also be the artifact of using models which have
been pre-trained. For example, classes in COCO, such as stop signs, apples and oranges,
have many similar features to tomatoes which may generalize well. We leave this as an
open question for future work.

Finally, when considering the performance of models trained on the pose set of
variations to all greenhouse variations studied in this work, there is again a clear difference
between cases where it has seen similar types of variations (angled and pose) versus the
variations it has not seen (task and illumination). While the illumination data were arguably
the hardest for the models to generalize, the task dataset yielded good performance out of
the box while showing improvements with increasing training set sizes. Particularly for
the illumination dataset, this result suggests that for tasks such as harvesting (where stems
and tomatoes are critical to identify correctly), it may be beneficial to collect and re-train
models on more similar data before deployment, while there may be more flexibility with
respect to the task dataset.

There are several limitations to this study. First, our experiments only evaluate a
single type of model architecture (Mask-RCNN), which was to control for variations in the
learning dynamics. While this is a popular model used in greenhouse automation works,
there are also a variety of other architectures, extensions to this architecture, or different
tasks leveraging similar object classes for which the models are optimized, which have
not been covered in this work. In addition, all of our models have been fine-tuned from
pre-trained models due to the lack of sufficient labelled data. While using pre-trained
models is common, it would be interesting to see the effects of training using greenhouse
data only. Lastly, while we presented data with respect to, for example, a specific task
(data collected from an eye-in-hand camera getting ready for a harvesting operation, “Task”
dataset), our current study does not evaluate the effect on the downstream harvesting task
and success rate. We leave this for future work.

6. Conclusions

In this work, we trained and evaluated object detection models for stems and tomato
classes under three very different conditions: (1) when labelled data are available and the
camera views are different; (2) when labelled data are scarce and the camera views are
different; and (3) when faced with entirely different environmental conditions and sensors.
Our results indicate that for stems, learning from data collected perpendicular to tomato
plants is more advantageous than learning from an angled camera. In addition, when
considering generalization across datasets, some sources of variation in the input data (such
as the “task” dataset, where images of tomato plants were collected by an eye-in-hand
camera) may be easier to generalize to than others (such as the “illumination” dataset,
where large changes in the brightness and contrast are present). As mentioned, greenhouse
environments are not expected to always be consistent. Understanding how a robot’s vision
system will perform under different conditions can help practitioners in deploying such
systems in the real world, including understanding the kind of performance to expect, and
can be used to help prioritize further data collection and evaluation efforts.
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