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Abstract. Object detection using CNNs requires a large amount of data to achieve
decent performance in real-world scenarios. The creation of traditional datasets
involves acquiring numerous images and manually annotating them. In this pa-
per, we introduce a method for simulating apple orchards utilizing the Unity 3D
engine. We created a tool that uses this simulator to generate fully bounding-box
annotated (simulated) datasets. We trained YOLOv5 models of different sizes on
simulated data, real-world data, and a combination of both, and later tested the
models on a real-world dataset to evaluate the suitability of our generated dataset.
Our experiments show that object detection models trained on simulated data can
achieve results on real-world images that are very similar to results of models
trained solely on real-world data. We demonstrate that simulated data has the
potential to eliminate the need for real-world datasets, thus saving a substantial
amount of time. In this research, we focused our tests on a real-world dataset
acquired under controlled settings, future work can be dedicated to evaluate the
generalization ability of models trained on simulated datasets on more challeng-
ing real-world datasets.

Keywords: Simulated data, Apple detection, Apple orchards, Visual inspections,
YOLOv5

1 Introduction

An estimated amount of 245 million kilograms of apples were harvested in the Nether-
lands in 2021 according to the CBS [1]. When making the assumption that an apple
weighs 100 grams on average, it can be estimated that there were 2,45 billion apples
harvested in the Netherlands in 2021. In addition to fruit picking being a labour inten-
sive and repetitive task, it is also seasonal. All of this leads to farmers having trouble
finding workers to pick the large quantities of apples in their orchards. For this reason,
automating this process using e.g. robots could prove invaluable [2].

Perhaps the most apparent and complex issue with automating such a task is the
ability for robots to detect, localize and manipulate apples. Recent advancements in
the area of computer vision technology have shown the ability of Convolutional Neural
Networks (CNNs) to perform object detection [3] and Multiple-Object Tracking and
Segmentation (MOTS) [4] on videos of apples in orchards. CNNs do so with signif-
icantly higher speed and accuracy than traditional methods [3]. The output of these
networks can be used to automate robotic tasks.
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To train a CNN with high performance, a large quantity of annotated data is needed.
For apple detection and tracking specifically, the necessary amount of data is amplified
by the fact that apples are homogeneous and relatively small objects, which makes them
harder to detect and track [5]. This means that a large dataset is necessary. Composing
such a dataset is a time-consuming task, as all apples in consecutive frames of a video
require manual annotation [6]. Moreover, a CNN trained using a dataset containing
images of particular varieties of apples and specific types of environments might not
have the expected performance when inferred using images of a different variety of
apples or orchards. As such the dataset should be representative for the orchard the
robot will be used in.

A possible approach to overcome aforementioned obstacles is to train the CNN
with simulated data. Recent studies evaluating this method with pointcloud data have
found similar performance can be achieved using simulated data as when using real data
[7,8]. The creation of simulated datasets requires less human labour than traditional
datasets. Moreover, simulated datasets can be adjusted and generated in a relatively
small timespan. This paper explores an approach that can be used to generate simulated
data, which then can be used to train a CNN performing object detection on apples. It
does so by utilizing the Unity 3D engine[9]. We are also particularly interested in the
performance that can be achieved when training on a simulated dataset as opposed to a
real-world dataset.

In this paper, we aim to answer the question Can a simulated dataset of apple or-
chards generated in a 3D engine be advantageous for the purpose of training CNNs for
apples detection in real-world orchards? To help answer this, we introduce the follow-
ing subquestions:

– How can a representative simulated dataset for object detection of apples be gener-
ated in a 3D engine?

– How does the performance of an apple detector trained on simulated data compare
to one trained on real-world data, when tested in a real-world scenario?

– Can simulated data be helpful for training a more robust apple detector when com-
bined with real-world data?

2 State of the art

Using simulated data for the purpose of training deep networks is a relatively new con-
cept. There have been a few publications on this subject. One of them is SqueezeSeg,
where they used a modification for the video game Grand Theft Auto V (GTA-V) to at-
tach a LiDAR scanner to a car in the game. They then drove the car around in the game
and collected point-cloud data to supplement their dataset of real LiDAR scanner data.
The authors goal was to create a state of the art semantic segmentation model for point-
clouds. They concluded that a CNN trained on a dataset supplemented with simulated
data has significant performance increases compared to a CNN trained exclusively on
real data [10].

A similar research was conducted in 2021 [7] where the self-driving vehicle re-
search platform CARLA (Car Learning to Act) [11] was used to collect simulated Li-
DAR data. They then applied noise to the simulated data to make it more representa-
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tive of real-world data. A CNN architecture for performing semantic segmentation was
trained on the simulated data and compared to a traditional machine learning algorithm
trained on real-world data. The results showed that the CNN trained on simulated data
performed significantly better than the CNN trained on real-world data. This shows
that when not enough data is available to train a deep learning algorithm, providing
more data using simulation is a better performing option than using traditional machine
learning models with only the original data [7].

Different from aforementioned research, this paper focuses on the simulation of im-
age data. At the time of writing, there has been little research on the usage of simulated
image data. This research focuses on CNNs for object detection of apples in orchards,
but further research can be done to determine whether the techniques presented in this
paper are applicable to different use cases.

Object detection for apples has been researched extensively in the past. Recent CNN
architectures are able to achieve high detection performance. One research makes a
comparison between the performance of different networks for the detection of apples
[12]. Networks such as Faster R-CNN [13] and R-FCN[14] are able to achieve high
mean Average Precision (mAP) [15,16], but do so at the cost of detection speed. Net-
works such as YOLOv3 [17] and YOLOv5 are an effective compromise. The mAP
scores are slightly lower, however the detection speeds are significantly faster [18,12].
This means these networks are better suited for usage in UAV inspection.

In a recent study [19], a detection accuracy of 85.5% was reached on a particular
dataset. This is 11% higher than previous studies. For the object detection, they utilized
the YOLOv5 CNN architecture [20]. The researchers concluded that the algorithm is
particularly good at detecting apples under the influence of complex occlusion. The
algorithm can also reach a speed of 20FPS on a experimental platform which meets
requirements for UAV inspection [19]. No studies so far have used simulated data to
train apple detection networks however, which will be the contribution of this research.
Our research will focus on using the YOLOv5 network.

In a NVIDIA research paper, a model named GET3D [21] is proposed. It is a gener-
ative model that is able to synthesize fully textured 3D meshes that can be used by 3D
rendering engines such as Unity [9]. When trained on 2D images, the model can pro-
duce 3D shapes with high-fidelity textures and complex geometric details. This means
that users of the model can generate a large number of 3D objects in a small amount
of time. NVIDIA’s GET3D, or a similar model could be used to generate objects to
populate a 3D environment. This could be exceptionally useful for the creation of a
simulated dataset of image data. In this research for example, it could be used to gen-
erate a large number of varying apple or apple tree objects. Since there were no trained
models available at the time of this research, we chose not to use it.

3 Materials and Methods

For the systematic generation of simulated datasets, we propose a tool made in the
Unity 3D game engine [9]. This software system can be configured to adapt the re-
sulting dataset to specifically fit the application. After the configurations are chosen,
the software will proceed to automatically create a dataset to be used as training data
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for object detection networks. In this study, we specifically designed the simulation to
mimic real-world apple orchards.

This section also describes the training and testing pipeline used to conduct our
experiments.

3.1 Simulating apple orchards in Unity

To generate realistic data, a simulator that mimics an apple orchard is needed. This
should reflect the scenario in the real-world. Our tool achieves this by using components
supplied by the Unity 3D game engine. The camera component is used to simulate an
RGB camera in a 3D scenario.

To simulate the ‘orchard’ component, our simulator uses a 2D plane with an image
of a real-world orchard projected on it. This strategy allows us to simulate a representa-
tive orchard without the need for a true-to-life 3D reconstruction of an orchard, which
would take a considerably larger amount of time and effort to realise. An example of
this can be seen in Fig. 1.

Fig. 1. Simulated apple orchard with 2D plane with projected image and 3D textured
apple models.

The simulator uses textured 3D models that are positioned between the 2D plane
and the camera to simulate apples. The placements of the 3D apples are randomly de-
termined. A selection of apple models that represent a wide range of varieties was used.
The models used in the simulator are shown in Fig. 2.

3.2 Generating data in Unity

For object detection networks to achieve good results on real-world scenarios, datasets
must be diverse. Our tool achieves a large variance in data by transforming the camera,
giving the 3D apples new positions, and applying augmentations to the simulator. A
new camera transform is generated for every data point. The number of data points after
which the apples get augmented can be configured. The total number of data points can
also be configured.
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Fig. 2. Textured 3D apples used in the simulation.

Camera transformation By altering the camera transform for every data point the data
will be generated from different angles and distances. Our tool does this by generating
pseudo-random transforms. Because our simulator uses a 2D background plane with
3D apples positioned in front of it, there is a limited space of transforms for the camera
that would produce valid data. In this case, valid data is data where:

– Every pixel on the RGB image is projected from the 2D background or an apple.
– The camera is facing the front-side of the 2D plane.
– Apples are clearly visible (i.e. not occluded, fully in frame of the camera, suffi-

ciently sized to be recognizable).

Fig. 3 shows some examples of invalid camera transforms.

(a) Camera too close (b) Camera oriented too far
downwards

(c) Camera too far

Fig. 3. Invalid camera positions: (a) Camera is too close to the 2D plane, causing the
apples to be not clearly visible. (b) Camera is oriented downwards causing pixels not
projected from the 2D background plane or an apple to appear in the camera image. (c)
Camera is too far from the 2D plane, causing the apples not to be clearly visible.

Limits of orientations and positions can be configured in the tool. The generator then
generates random values to calculate transforms on the linear interpolants between these
limits. Furthermore, our tool includes a minimum and maximum distance between the
2D plane and the camera. This guarantees the generated camera transforms are ‘valid’
according to the conditions described above.
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Apple positions New 3D positions are generated for apples after a certain number of
data points. This number can be configured.

The first method uses a random uniform distribution to generate x-coordinates and
y-coordinates, where the limits are the target resolution of the image data. Back-projection
and Unity’s raycasting system are used to determine the 3D position on the 2D back-
ground plane that projects onto the x-coordinates and y-coordinates on the camera
frame. If the smallest distance between the generated position and other generated po-
sitions is lower than the diameter of the apples (minus a maximum overlap value), the
generated position is discarded. This ensures that the apples have a minimal amount of
overlap.

For the second method 2D coordinates of the center of all apples are extracted from
the instance segmentation masks of the APPLE MOTS dataset [5]. Only segmentation
masks from the scenarios with a line of apple trees perpendicular to the camera were
considered. The extracted positions are stored per segmentation mask. When the tool
generates new positions it will randomly pick a segmentation mask to use the positions
from. Similar to the first method, back-projection and Unity’s raycasting system is used
to determine the 3D position on the 2D background plane that projects onto the x-
coordinates and y-coordinates from the extracted positions on the image frame.

Augmenting data Data from the generator should be representative of the real-world
scenario. For this reason so-called augmentations have been implemented in the gen-
erator tool. These augmentations can be turned on or off to enrich the variety in the
datasets.

In the baseline scenario (i.e. without any augmentations) all apples in the simulator
have the same 3D model, texture, scale, rotation and coordinate on the z-axis. The
lighting in the scene stays the same throughout the dataset. The positions and number
of apples as well as the camera’s transformation are the only variables which change
throughout the dataset.

Table 1 shows all augmentations that have been implemented. When generating a
dataset, new apple positions are loaded and augmentations are applied after a specified
number of datapoints.

Generating annotations With our tool, we propose a technique that allows it to calcu-
late perfectly accurate bounding boxes in Unity 3D.

The algorithm works by first calculating an instance segmentation mask. It does
this by using back-projection to calculate the direction vector from the camera origin,
through an x-coordinate and y-coordinate on the image plane. In the 3D scene, Unity’s
raycasting system is used to cast a ray from the camera origin to the direction calculated
in the step before. The algorithm in Unity finds the first object the ray intersects, and
determines if it corresponds to the background or an apple. If the intersection corre-
sponds to the background, it will insert a value of ’0’ in the mask. If the intersection
corresponds to an apple, an instance identifier belonging to the specific apple in the
mask will be inserted into the map. Bounding boxes can then be calculated by deter-
mining the minimum and maximum x-coordinates and y-coordinates for each instance
identifier. Fig. 4 shows and overview of this process.
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Table 1. List of all augmentations for generating Simulated-Orchards datasets.
Augmentation Description
rotation Gives a random orientation to every apple.
scale Gives a random scale to every apple.
depth Gives a random z-coordinate (depth) to every apple.
lighting Changes the lighting of the scene.
color per apple Gives a random (realistic) color to each apple.
color per scene Generates a random (realistic) color for all apples in the scene.
model per apple Chooses a random 3D model for every apple from the set of

3D models shown in Fig. 2.
model per scene Chooses a random 3D model apple from the set of 3D models shown

in Fig. 2 and gives it to all apples in the scene.

Fig. 4. Process of calculating bounding boxes. (a) RGB image from the virtual cam-
era. (b) instance segmentation mask created using back-projection. (c) bounding boxes
(overlayed on original RGB image) calculated by finding the minimum and maximum
x-coordinate and y-coordinate for every instance.

3.3 Real-world datasets

A real-world dataset was used to evaluate and compare the performance of models
trained on simulated data.

Mini-Orchards Mini-Orchards is a dataset created within our lab and consists of im-
ages of apples suspended by string from a frame. The apples hanging in front of a
background emulate a real orchard. The nature of the images makes it a rather simple
dataset, since apples are visible mostly without obstruction from branches and leaves.
There are however cases where apples are obstructed by other apples.

The camera was placed at a fixed distance from the frame holding the apples. RGBD
images were taken using a ZED Stereolabs stereo camera. However, since this research
focuses on RGB data, the depth channel was discarded. The resulting images have a
1920x1080 resolution.

Mini-Orchards has 500 images that are divided into a train, validation, and test
set. The train set contains 300 images, while the validation and test sets each have 100
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images. The complete dataset has roughly 3000 apples that are annotated with bounding
boxes.

In the original images, too much of the surrounding environment is visible in the
frame of the camera. Objects like the grid structure holding the apples can be seen in
the images. We cropped the images to discard the irrelevant background section of the
images and used these cropped images for our experiments. Fig. 5 shows an example of
a cropped and uncropped image from the dataset. The cropped images have a resolution
of 1920x576.

(a) original image (b) cropped image

Fig. 5. Example of (a) original and (b) cropped image from the Mini-Orchards dataset.

3.4 Apple detection using YOLOv5

YOLOv5 [20] is one of the newest deep learning models in the YOLO (You Only Look
Once) family of object detectors. One of the prominent features of YOLO is fast in-
ference, enabling the models to be used for real-time object detection. YOLO achieves
great results in object detection tasks by using CNNs. The YOLO architecture consists
of 3 parts: backbone, neck and head. The backbone is responsible for feature extrac-
tion. The neck is used for feature fusion. Lastly, the head performs the final predictions.
YOLOv3 uses the 53 layer network Darknet-53 as the backbone, and stacks 53 more
convolutional layers on top as the neck. The model then performs detection by applying
1x1 convolutional filters on feature maps at three different places in the network [17].
The network predicts four coordinates for each bounding box, tx, tx, tw, th.

YOLOv5 achieves better results by adding improvements to the architecture. The
backbone and neck are changed, while the head remains the same. YOLOv5 uses CSP-
Darknet as the backbone and Path Aggregation Network (PANet) [22] as the neck.
These new components enhance the speed and detection performance of the network.
YOLOv5 has different variants: the n, s, m, l and x versions have different network
width and depths which influence the number of trainable parameters, where the n ver-
sion is the smallest and the x version the largest. This means that the YOLOv5 x version
has the potential to learn more complicated tasks and achieve the best detection perfor-
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mance, provided the model is trained on enough data of sufficient quality. The larger
models also have the slowest inference and require the most data to train.

3.5 Evaluation metrics

To quantify the performance of trained networks, a number of metrics can be used. We
chose to use the most commonly used metrics specific for the task of object detection.
This section explains how the metrics are calculated and how they can be interpreted in
the context of apple detection.

Intersection over Union (IoU) represents the intersection ratio of the predicted bound-
ing box and the ground truth bounding box. Predictions with an IoU and probability
score above a certain threshold are considered to be a true positive (TP) sample. Pre-
dictions below these thresholds are considered as a false positive (FP) sample. Cases
of a ground-truth sample not being successfully detected are considered false negative
(FN).

– True Positive (TP) are the cases that have been predicted as an apple, and there is
an apple in the ground truth.

– False Positive (FP) are the cases that have been predicted as an apple, and there
was no apple in the ground truth.

– False Negative (FN) are the cases that where not predicted as an apple, but there
was an apple in the ground-truth.

Precision is a metric that shows the percentage of predictions by the network that
are correct. To calculate precision, the number of correct predictions is divided by the
total number of predictions. The precision can also be calculated using the number of
TP and FP cases.

Precision =
Correct predictions

Total predictions
=

#T P
#T P+#FP

(1)

Recall is a metric that shows the percentage of apples in the ground truth that were
predicted correctly by the network. To calculate recall, the number of correct predictions
is divided by the total number of apples in the ground truth. Recall can also be calculated
using the number of TP and FN cases.

Recall =
Correct predictions

Total instances in ground truth
=

#T P
#T P+#FN

(2)

Recall and precision scores complement each other. The F1-score is used to find a
balance between the two. It can be seen as a harmonic mean of the precision and recall
scores.

F1 =
2 · precision · recall
precision+ recall

(3)

We denote the probability threshold used to calculate the precision, recall, and F1
scores with the @ symbol followed by the threshold value (e.g. F1@0.5).

Average Precision (AP) is a metric that summarises the precision recall curve in one
value. The precision recall curve shows the relation between recall and precision, and
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is calculated by evaluating the model at different probability thresholds. When given a
precision recall curve, the AP is calculated using equation 4:

AP =
1
|r| ∑

r∈{0,0.01,...,1}
pinterp(r) (4)

In this equation pinterp(r) denotes the interpolated precision at a recall level of r. We
calculate this at 101 equally spaced recall values between 0 and 1, which is the standard
used by the COCO challenge [23]. The precision is interpolated by taking the maximum
precision corresponding to recall levels greater than r:

pinterp(r) = max
r̃:r̃≥r

p(r̃) (5)

Where p(r̃) denotes the precision value evaluated from the precision recall curve at r̃.

4 Experiments & Results

This section describes the experiments that were conducted during the research, the
relation among them and and their corresponding results. Since we are aiming for these
models to run on robot systems with a limited number of resources, we chose the three
smallest YOLOv5 sizes: n, s and m. All models were trained on a NVIDIA A40 GPU
with 16GB of available VRAM.

4.1 Experiment 1: performance of augmentations

With our first experiment, we intend to find how to generate a representative simulated
dataset for the object detection of real-world apples in orchards. The dataset generator
tool described in Section 3 is used to create the training sets. For this experiment, we
created one training set for every augmentation described in Table 1. This means that
we have eight separate training sets, each with exactly one unique augmentation. Addi-
tionally, one training set is created without any augmentations, which will be referred
to as the ‘baseline’ training set. Each dataset is created with 1500 images, to ensure that
there is enough data. This value has been chosen empirically. During the creation of
the dataset, new apple positions and augmentations will be loaded every 5 images. This
was done to introduce more variety into the dataset.

We trained three different sizes of YOLOv5 models for every dataset described
above. The validation set from the Mini-Orchards dataset was used for validation during
training. On every epoch, the model with the best AP score on the validation set was
saved. All saved models were then tested on the testing set from the Mini-Orchards
dataset, after which the metrics would be calculated.

All models were trained using a learning rate of 0.001 and the highest batch size that
could fit in the memory of our GPU. The pretrained YOLOv5 checkpoints provided by
Ultralytics [20] were used. Furthermore, all models were trained, validated and tested
using 576x576 tiling, as this is the biggest tile size that fits the cropped images from the
Mini-Orchards dataset. The models were trained for a maximum of 30 epochs. Further-
more, we used automatic mixed precision to speed up the training process.
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Table 2. Results of experiment 1: various sizes of YOLOv5 models, trained on simu-
lated data with different augmentations, and tested on the Mini-Orchards test set. Values
are the mean and standard deviation calculated from five runs. The last row shows the
average of all trained models per YOLOv5 size.

YOLOv5s
Trainset AP Recall@0.1 Precision@0.1 F1@0.1
baseline 0.397 ± 0.315 0.400 ± 0.317 0.795 ± 0.444 0.507 ± 0.354
color per scene 0.948 ± 0.004 0.953 ±±± 0.006 0.985 ±±± 0.012 0.969 ±±± 0.009
model per scene 0.949 ±±± 0.009 0.956 ± 0.008 0.974 ± 0.007 0.965 ± 0.007
model per apple 0.490 ± 0.355 0.493 ± 0.355 0.795 ± 0.444 0.589 ± 0.371
color per apple 0.447 ± 0.342 0.531 ± 0.343 0.590 ± 0.383 0.550 ± 0.349
lighting 0.075 ± 0.099 0.089 ± 0.115 0.328 ± 0.330 0.133 ± 0.158
rotation 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
scale 0.094 ± 0.197 0.106 ± 0.194 0.257 ± 0.433 0.150 ± 0.268
depth 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Average 0.378 ± 0.147 0.392 ± 0.149 0.525 ± 0.228 0.429 ± 0.168

YOLOv5s
Trainset AP Recall@0.1 Precision@0.1 F1@0.1
baseline 0.927 ± 0.007 0.934 ± 0.009 0.992 ± 0.006 0.962 ± 0.004
color per scene 0.962 ±±± 0.004 0.965 ±±± 0.004 0.984 ± 0.017 0.975 ±±± 0.009
model per scene 0.951 ± 0.011 0.958 ± 0.009 0.987 ± 0.005 0.972 ± 0.007
model per apple 0.942 ± 0.004 0.948 ± 0.006 0.988 ± 0.014 0.967 ± 0.006
color per apple 0.913 ± 0.035 0.920 ± 0.037 0.996 ±±± 0.004 0.956 ± 0.019
lighting 0.449 ± 0.335 0.489 ± 0.376 0.934 ± 0.147 0.543 ± 0.380
rotation 0.326 ± 0.401 0.366 ± 0.433 0.458 ± 0.453 0.364 ± 0.406
scale 0.316 ± 0.304 0.386 ± 0.314 0.761 ± 0.243 0.432 ± 0.327
depth 0.328 ± 0.349 0.357 ± 0.329 0.839 ± 0.348 0.441 ± 0.350
Average 0.679 ± 0.161 0.703 ± 0.169 0.882 ± 0.137 0.735 ± 0.168

YOLOv5m
Trainset AP Recall@0.1 Precision@0.1 F1@0.1
baseline 0.937 ± 0.019 0.946 ± 0.014 0.954 ± 0.046 0.950 ± 0.027
color per scene 0.964 ±±± 0.006 0.970 ±±± 0.006 0.985 ± 0.005 0.978 ±±± 0.005
model per scene 0.952 ± 0.016 0.960 ± 0.011 0.985 ± 0.004 0.972 ± 0.007
model per apple 0.942 ± 0.018 0.952 ± 0.017 0.982 ± 0.004 0.967 ± 0.010
color per apple 0.953 ± 0.010 0.959 ± 0.007 0.990 ± 0.002 0.974 ± 0.004
lighting 0.928 ± 0.009 0.942 ± 0.013 0.944 ± 0.097 0.940 ± 0.048
rotation 0.934 ± 0.012 0.940 ± 0.010 0.991 ± 0.006 0.965 ± 0.008
scale 0.938 ± 0.012 0.946 ± 0.011 0.992 ±±± 0.004 0.968 ± 0.007
depth 0.928 ± 0.056 0.944 ± 0.037 0.957 ± 0.087 0.950 ± 0.062
Average 0.942 ± 0.018 0.951 ± 0.014 0.976 ± 0.028 0.963 ± 0.020

Because smaller YOLOv5 models can be quite noisy, all models were trained and
tested five times. As a result, 135 models were trained and tested. This allowed us to
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calculate the mean and standard deviation for the tests. The results of the tests can be
seen in Table 2.

The results show that on average, the m YOLOv5 models perform the best, with s
models following, and then n models. Given that m models are the largest and n the
smallest of the tested models, this is to be expected.

For the m models, most of the augmentations showed an improvement over the base-
line models. With the depth augmentation being the only exception to this. Of all the
augmentations, color per scene showed the best improvement compared to the baseline
model. The model trained on color per scene augmented data achieved the highest AP,
F1 and recall scores of all models.

For the s models, more augmentations showed a decrease of performance when
compared to the baseline models. The color per apple, depth, lighting, rotation and
scale augmentations all performed less than the baseline model. Again, the color per scene
augmentation showed the most performance increase over the baseline model.

For the n models however, most trained models were not able to consistently de-
tect and localize apples, thus achieving very low scores. The exception can be seen
for models trained on the datasets with color per scene and model per scene augmen-
tations, which both achieved good scores, only slightly worse than the bigger models
trained on the same datasets.

4.2 Experiment 2: performance of simulated data versus a traditional dataset

With the second experiment, we aim to find out how the performance of an object
detection CNN trained on only a simulated training set compares to that of a CNN
trained on only real-world data.

Much like the first experiment, we used the dataset generator tool to create a train-
ing set. Due to its superior performance from experiment 1, we decided to generate
the training set using the color per scene augmentation for this experiment. Since the
training set of the Mini-Orchards dataset only contains 300 images, we chose to create
the simulated training set with the same number. This removes the number of images
used being a factor for causing a difference in performance.

We then trained YOLOv5 models on the simulated training set, and on the Mini-
Orchards training set. The hyperparameters and the validation process were the same
as in experiment 1, with the only difference being the number of epochs. Since these
training sets have fewer images than the ones in experiment 1, the models took a longer
time to converge. By using 80 epochs this experiment, we made sure that the models
converged during training.

Like experiment 1, trained models were tested on the test set from the Mini-Orchards
dataset, after which the evaluation metrics would be calculated. Training and testing was
done five times. Table 3 shows the means and standard deviations of the metrics for all
models.

As expected, m models have the best performance for both training sets, with s
and n following after. When comparing models of the same sizes trained on the Mini-
Orchards and Simulated-Orchards training sets, the results show that the ones trained on
Mini-Orchards consistently perform better. Scores for the m size models are relatively
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Table 3. Results of experiment 2: various sizes of YOLOv5 model, trained on the Mini-
Orchards (training) dataset or 300 images from the Simulated-Orchards dataset. The
models were tested on the Mini-Orchards (real-world) test dataset.

AP F1@0.1 Recall@0.1 Precision@0.1
YOLOv5n
Mini-Orchards 0.972 ±±± 0.004 0.987 ±±± 0.004 0.979 ±±± 0.003 0.995 ±±± 0.004
Simulated-Orchards 0.789 ± 0.261 0.862 ± 0.199 0.799 ± 0.252 0.976 ± 0.040
YOLOv5s
Mini-Orchards 0.976 ±±± 0.006 0.977 ±±± 0.000 0.983 ±±± 0.005 0.970 ±±± 0.033
Simulated-Orchards 0.845 ± 0.095 0.834 ± 0.146 0.906 ± 0.060 0.795 ± 0.222
YOLOv5m
Mini-Orchards 0.982 ±±± 0.004 0.983 ±±± 0.006 0.987 ±±± 0.004 0.979 ±±± 0.013
Simulated-Orchards 0.955 ± 0.007 0.967 ± 0.009 0.964 ± 0.005 0.971 ± 0.019

similar, with the model trained on Simulated-Orchards scoring 0.03 and 0.02 less in AP
and F1, respectively.

When looking at the smaller models, the difference between models trained on
Mini-Orchards and Simulated-Orchards become greater. The models trained on Simulated-
Orchards get 0.13 AP and 0.14 F1 less than the models trained on Mini-Orchards for
the s models, and 0.18 AP and 0.13 F1 less for the n models. We can also see that the
smaller models trained on Simulated-Orchards get inconsistent results, as can be seen
by the increasing standard deviations.

4.3 Experiment 3: performance of a hybrid dataset

With the third experiment, our objective is to find out whether adding real images to
a training set of simulated images can improve object detection on real data. We are
particularly interested in understanding how much real data is needed to be added to
simulated data for achieving the performance that training on only real data can of-
fer. This is important, as the conclusion of this experiment can be used to compensate
the shortage of real data, which is a common problem in training deep networks, with
simulated data.

We created new training sets by adding different numbers of real-world images to
a simulated training set. To do this, we used the Simulated-Orchards training set from
experiment 2. This training set has 300 images and uses the color per scene augmen-
tation. The Simulated-Orchards training set was then expanded by the first 100, 200,
and 300 images from the Mini-Orchards training set, producing three new training sets.
We then trained YOLOv5 models of different sizes, using similar hyperparameters and
validation as experiment 2. The trained models were once again tested on the test set
from the Mini-Orchards dataset. This process was repeated five times. Table 4 shows
the means and standard deviations of the metrics that were calculated after every test.

The quantitative results show that all models trained on datasets with added real data
have improved performance compared to models trained without real data. By looking
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Table 4. Results of experiment 3: different sizes of YOLOv5 model, trained on hybrid
datasets with a combination of real and simulated data. The models were tested on the
Mini-Orchards (real-world) test set.

AP F1@0.1 Recall@0.1 Precision@0.1
YOLOv5n
Simulated-Orchards 0.789 ± 0.261 0.862 ± 0.199 0.799 ± 0.252 0.976 ± 0.040
Simulated-Orchards + 100 real 0.950 ± 0.021 0.943 ± 0.031 0.957 ± 0.017 0.930 ± 0.052
Simulated-Orchards + 200 real 0.954 ± 0.006 0.961 ± 0.027 0.962 ± 0.006 0.961 ± 0.054
Simulated-Orchards + 300 real 0.964 ±±± 0.005 0.980 ±±± 0.007 0.971 ±±± 0.004 0.989 ±±± 0.017
YOLOv5s
Simulated-Orchards 0.845 ± 0.095 0.834 ± 0.146 0.906 ± 0.060 0.795 ± 0.222
Simulated-Orchards + 100 real 0.940 ± 0.039 0.960 ± 0.022 0.958 ± 0.016 0.962 ± 0.034
Simulated-Orchards + 200 real 0.970 ± 0.007 0.988 ±±± 0.003 0.978 ±±± 0.005 1.000 ± 0.001
Simulated-Orchards + 300 real 0.970 ±±± 0.000 0.987 ± 0.000 0.974 ± 0.001 1.000 ±±± 0.000
YOLOv5m
Simulated-Orchards 0.955 ± 0.007 0.967 ± 0.009 0.964 ± 0.005 0.971 ± 0.019
Simulated-Orchards + 100 real 0.966 ± 0.005 0.983 ± 0.007 0.972 ± 0.003 0.994 ± 0.013
Simulated-Orchards + 200 real 0.970 ± 0.000 0.984 ± 0.003 0.973 ± 0.004 0.996 ± 0.003
Simulated-Orchards + 300 real 0.970 ±±± 0.000 0.986 ±±± 0.001 0.977 ±±± 0.001 0.996 ±±± 0.002

at the results of models trained with 100, 200 and 300 real images, it seems that when
adding more real images to the dataset, the performance gets higher.

The most significant improvements are seen in the smaller models. By adding 100
real images to the simulated dataset, the n model gets an AP of 0.950 and an F1 score
of 0.943. This is only slightly worse than the larger model and an improvement of 0.16
AP and 0.08 F1 compared to the same model when trained without any real data.

However, when comparing to the models trained on only Mini-Orchards which can
be seen in Table 3, it shows that none of the models with simulated and real data achieve
better performance.

The qualitative results reveal that models trained with added real data are better at
distinguishing overlapping apples, when compared to models trained without real data.
An example of this can be seen in Fig. 6.



Simulated Data for Apple Detection 15

(a) trained without real images (b) trained with 300 real images

Fig. 6. Qualitative results of YOLOv5m models trained on (a) only simulated data and
(b) simulated data with 300 real images. White boxes show the predictions from the
trained model, while green boxes show the manually annotated ground-truth.

5 Discussion, Conclusion and Future Work

The goal of this research was to answer the question: Can a simulated dataset of ap-
ple orchards generated in a 3D engine be advantageous for the purpose of training
CNNs for apples detection in real-world orchards? We created a tool to generate simu-
lated data of apples together with a lab made dataset of imaged of hanging apples and
conducted three different experiments. In this section, we discuss our findings and the
conclusions we can draw from them. We also talk about the research that could be done
in the future to further improve on our results.

5.1 Discussion

In this research, we introduced a way of simulating an apple orchard, using the Unity
3D game engine. We used this simulator to create a tool that is able to generate fully
bounding-box annotated datasets. Moreover, the simulator and data generating tool are
highly configurable and modifiable. This allows for the rapid generation of different
types of datasets.

In addition to the baseline situation, we introduced eight different augmentations to
the simulated scenario. These augmentations change the visual aspect of the simulation.
This was done to find what techniques could make the simulated dataset represent the
real-world scenario the best. The experiment show that our color per scene augmenta-
tion achieves the best results. This augmentation changes the colour of all apples in the
simulation every time new apples are loaded in.

We compared YOLOv5 models trained exclusively on simulated data to models
trained on real-world data from the Mini-Orchards dataset. We tested the models on
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real-world data from the test set of the Mini-Orchards dataset and calculated the Pre-
cision, Recall, F1, and AP metrics. The metrics show that for the YOLOv5m models,
models trained solely on simulated data can achieve results that are quite close to those
of models trained on real data. The smaller YOLOv5 models show a bigger performance
gap between the ones trained on simulated and the ones trained on real data.

We also did experiments where the training sets of simulated images were sup-
plemented by different amounts of real data. Once again, we trained models on these
training sets, tested them on the Mini-Orchards test set, and calculated the metrics.
The results show that adding real images does improve the results, however the results
would never be better than the models trained solely on real data. Most interestingly,
the results of the smaller YOLOv5 models improved significantly, achieving almost the
same results as those of the bigger YOLOv5 models.

However, it should be said that the real-world dataset used for testing the models
was quite more simple than an actual orchard. Further experiments on more challenging
real-world datasets have to be performed to demonstrate the generalizability of these
findings.

5.2 Conclusion

Based on this research, we can conclude that the use of simulated data for training
object detectors appears to be promising. When testing on the simple testing set from
the Mini-Orchards dataset, models trained on simulated data received high Precision,
Recall, F1, and AP scores. While we were not able to achieve the same or better results
as models trained exclusively on real data, we did achieve very similar results. The
biggest advantage of simulated data, is that by using a 3D engine, perfect bounding
boxes can be automatically generated. This eliminates the need for manual annotation
of datasets, which is an exceedingly time consuming task. Simulated data also has the
advantage of being very configurable, allowing changes like lighting, camera properties
and much more to be made very quickly.

However, we were never able to achieve higher results using models trained on
simulated data, than models trained exclusively on real-world data. We conclude that
when the best possible results are needed, it is better to use real-world data.

Furthermore, we published both the Mini-Orchards1 dataset and an example of a
Simulated-Orchards2 dataset with the color per scene augmentation.

5.3 Future Work

The results from our experiments are promising, however we believe future research
should apply the techniques used in this research to train models for more challenging
datasets: including more occlusion (e.g. leaves and branches blocking apples), compli-
cated backgrounds, and various camera angles and distances. This could be done by
manually annotating images taken in real orchards. The future work should include ex-
ploring which augmentations from the dataset generator tool perform the best on this

1 https://www.kaggle.com/datasets/dylanhasperhoven/mini-orchards
2 https://www.kaggle.com/datasets/dylanhasperhoven/simulated-orchards
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particular dataset, and could even include implementing new, more complex, augmen-
tations and backgrounds.

The Unity 3D engine can also be used to simulate a multitude of image modalities,
such as RGB, depth and IR intensity. Future work could be done to investigate the
impact of different image modalities on the performance of models trained on simulated
data.

Finally, the techniques used to create the dataset generator tool are fairly generic:
allowing the tool to be modified and updated, making it possible to simulate a wide
range of scenarios. Future research could be dedicated to investigate the advantages
of simulated data for object detection of other types of objects than apples. The tool
could easily be modified to simulate other types of fruit orchards, but also contrasting
scenarios other than orchards.
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