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Abstract—Detecting plants in images is central in precision
agriculture, but can be challenging due to their small size, sim-
ilarities in appearance, varying lighting and environmental con-
ditions. Moreover, computational capacity in real-world settings
may be limited. This work examines how accurate, computation-
ally efficient real-time plant detection can be achieved on the large
and varied benchmarking Open Plant Phenotyping Database,
by building upon the State-of-the-Art (SoA) Scaled YOLO v4
real-time object detection model. The effect of pre-processing,
namely cropping unnecessary information and increasing con-
trast, is examined and experimentally shown to improve both
accuracy and efficiency. Transfer learning is also leveraged for
the deployment of Scaled YOLO v4, using pre-trained weights
from the MS COCO data set, and shown to lead to a moderate
improvement in accuracy. The proposed final model results in
approximately 10% higher accuracy than the existing baseline
model, on a representative subset of about half of images in
the Open Plant Phenotyping Database. Experiments show that
plant detection accuracy is improved for most well represented
samples, with errors appearing in particularly challenging cases
or caused by data imbalance. This shows the proposed method
has significant potential for highly accurate and computationally
efficient plant detection in real-world environments.

Index Terms—precision farming, object detection, transfer
learning, YOLO, plant classification

I. INTRODUCTION

Computer vision in agriculture provides a non-contact and
non-destructive method of plant monitoring, similar to the
way farmers visually inspect their crops. However, analyzing
the resulting images can be complex and challenging [1], as
growing cycles of crops and plants vary in size, height or shape
[2]. If growth conditions, such as the soil and the availability
of water or sun are changing, a different appearance of the
plant can be expected [3]. Moreover, image acquisition and
illumination can affect the appearance of the plant, while
occlusion and often missing distinct edges can complicate the
partitioning of individual plants [4].

Artificial intelligence, and specifically SoA object detection
methods can be deployed to address these issues. These
approaches heavily rely on large quantities of labeled training
data, so large and especially diverse data sets are required to
make models more generalizable and accurate. A variety of
different data sets already exist [5], but most are either too
small, too artificial or too homogenous. Recently, a large and
varied dataset was made publicly lavailable, the Open Plant

Phenotyping Database [6]. We propose a method for accurate,
real-time plant detection on it, and compare it with the
more costly, baseline model proposed by its authors [6]. Our
approach comprises of a series of appropriate pre-processing
steps, and the implementation of a SoA real-time and accurate
object detection model, Scaled YOLO v4 [7]. We also examine
the effect of transfer learning by deploying Scaled YOLO
v4 pre-trained on MSCOCO [8], a different, but large and
diverse dataset. Our results show that the pre-processing steps
proposed, and deployment of pre-trained Scaled YOLO v4
lead to accurate real-time plant detection on a representative
subset of this challenging dataset.

This work is organized as follows: related work is presented
in Sec. II, and the dataset used in Sec. III. Details of the
method used are presented in Sec. IV, while experimental
results are presented in Sec. V, where the effect of pre-
processing and transfer learning are also discussed. Conclu-
sions and directions for future work are drawn in Sec. VI.

II. RELATED WORK

The topic of intelligent systems in agriculture was first
discussed by McKinnion and Lemmon (1985), who imple-
mented an expert decision system for crop management [9].
The introduction of computer vision in this sector has built a
very strong momentum in the last decade, with object detection
and classification among the commonly addressed problems.

Today’s SoA methods for object detection are based on deep
learning, which uses convolutional neural networks (CNNs).
CNNs take two-dimensional image data as input and pass
it through multiple layers of neurons with corresponding
weights, which perform operations like convolutions, pooling
and others on the input to extract features. Through learning,
the weights on each level can self-optimize to achieve more
accurate predictions. Region-based CNNs (R-CNNs) [10] are
one of the SoA object detection methods, which achieve very
high detection accuracy by applying CNNs to different regions
of an image. However, their computational requirements are
high, as they apply CNNs to each region separately to classify
it. Real-time, accurate object detection can be achieved by
single-shot frameworks, such as the YOLO-framework (You
Only Look Once) [11], that has shown great performance.
YOLO is based on regression, and instead of selecting features
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  of an image, it predicts classes and bounding boxes. By
applying a CNN to the entire image, it significantly reduces
the computational time of R-CNN.

In object detection for precision farming, Bargoti and
Underwood [12] implemented a Faster R-CNN for accurate
detection of three kinds of fruits in orchards. Gao et al.
implemented tiny YOLOv3, to detect weeds in sugar beet
fields [13]. Modified versions of YOLOv3 have achieved SoA
detection of tomatoes in a real environment [14]. The Open
Plant Phenotyping Database [6] contains different categories
of plants at different growing stages, under varying growing
conditions, with high intra-class similarity and occlusions from
leaves. It has only been analyzed by its authors [6], who
carried out object localization using a Faster R-CNN with
ResNet50v1 as a feature extractor with pre-trained weights
from the MS COCO data set [8]. All instances were changed
to the same class, making it a pure object localization task.

In this work, we analyze the Open Plant Phenotyping
Database using one of the latest versions of YOLO, namely
Scaled YOLOv4 [7], as it has been shown to achieve high
accuracy at a low computational cost and in real time, all
important factors in plant detection for precision farming.
In our experiments, we show that for a balanced subset of
the dataset, we indeed achieve higher accuracy on the more
challenging task of real-time plant detection than [6].

III. DATA SET

The Open Plant Phenotyping Database is the largest public
data set of its kind, consisting of 7590 RGB images with
47 different plants. It features high inter-class similarity and
high intra-class variability, as plants are captured over 4 trial
seasons and in 3 different growth conditions: natural, drought,
ideal. Each plant is in a polystyrene box, which we crop from
each image during pre-processing.

IV. METHODOLOGY

In this work, the SoA object detection model Scaled YOLO
v4 [7] is used, as it has been shown to exceed prior benchmarks
from previous models. The best EfficientDet model [15] is
slightly worse than the best Scaled YOLO v4, and requires
more than twice the training time. While most detection
systems are two-shot detectors that first predict the regions
of interest and then classify it like the Faster R-CNN, YOLO
is a single-shot detector. This means object localization and
classification is done in a single pass of the network, which
often makes the models smaller and faster. The general idea of
YOLO is that a given image is split into a grid, where each cell
predicts bounding boxes, confidences and class probabilities.
Each of these predictions is done using a single CNN.

Scaled YOLO v4 stands out especially compared to prior
YOLO-models, as it introduces an innovative technique of
Cross-Stage Partial Networks [16]. This way the model can
reduce an immense amount of computation. Cross-Stage Par-
tial Networks work by splitting the output signal, where one
half goes along the main path to generate more semantic
information with a large receptive field, while the other half

follows another branch obtaining more spatial information
with a small receptive field. Next to that, it also uses the
Mish Activation function [17], which outperforms all standard
functions. As for the loss functions, which are used to calculate
the error of the prediction and the ground truth, mainly three
different kinds are used. A novel Complete Intersection over
Union (CIoU) loss [18] describes the localization accuracy
of the bounding box and overcomes previous issues of slow
convergence and inaccurate performance. A classification loss
is implemented for the conditional class probabilities and
lastly an objectness loss that represents a confidence score
for each bounding box. In other words, while the objectness
loss tries to teach the model to make a correct object-box
prediction, the CIoU loss aims to better predict the bounding
box. Consequently, this results in all scaled YOLOv4 models
being Pareto optimal. Because of limited computational power,
the medium sized model, the YOLOv4-CSP, was implemented
with all hyperparameters already initialized. However, it is
possible to scale up for more accuracy by using one of
the YOLOv4-P5/P6/P7 models. The model uses pre-trained
weights from the MS COCO data set, as its size and diversity
are expected to lead to robust object detection.

(a) (b)

Fig. 1: Pre-processing with contrast enhancement: (a) Original
image after cropping the black background (b) Image with
40% more contrast than the original and cropped background.

V. EXPERIMENTS

In this section we present our experiments, where we
demonstrate the influence of pre-processing, transfer learning
and the resulting improved plant detection accuracy. The setup
and the training process of the Scaled YOLO v4 is based on the
Python version 3.6.9 with a NVIDIA Tesla T4 GPU. Besides,
PyTorch framework version 1.8.1 was used in combination
with CUDA 11.2 to utilize the GPU. PyYAML 5.4.1 was
installed to read YAML files. The training process was the
same for all experiments. The model trains for 100 epochs
with a batch size of 16. The input images are of size 480×480
pixels and the hyperparameters’ initialization stayed constant.

Dataset: A representative subset, comprising of approxi-
mately half of the Open Plant Phenotyping Database, was
used, due to its high storage and computational requirements.
This corresponds to 24 plant classes out of 47 and 3782
images in total. For each plant class, all available images
are used, except those that were removed because of errors.
The data set contains 9.22% of negative samples, which are
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  images without any plants. The data is not well balanced,
partly because of the nature of the germination process, as
some plants need more space, while other remain small. This
could lead to poor predictive performance regarding minority
classes. Transfer learning is also examined below, as it can
provide a wider range of training data, potentially increasing
the method’s robustness. The data set is randomly split into a
training, validation and testing set with a random seed at 30k,
where each set has a similar percentage of negative samples,
so that the results are not biased. The training set consists of
2731 images (72% of the entire data set), the validation set
of 483 images (13% of the data), and the testing set contains
568 images (15% of the data). This split is done to avoid
overfitting, where the model would learn features specific only
to the training data.

Pre-processing: Cropping, contrast enhancement: Fig.
2(a) shows that cropping images leads to 7% higher mAP,
which can be attributed to the removal of redundant back-
ground areas, that can lead to false alarms or misidentifica-
tions. Occlusions and irrelevant objects are also sometimes
present in the area surrounding each plant box, making its de-
tection more challenging. Fig. 2(b) shows that adding contrast
improves the mAP by 2% as well. This is a minor improve-
ment, but easy to achieve with this simple pre-processing step.

(a)

(b)

Fig. 2: mean Average Precision for Intersection over Union 0.5
mAP@0.5 during model training (best viewed in color): (a)
with cropped images (orange graph), without cropped images
(blue graph). (b) With contrast (orange graph), and without
contrast (grey graph).

Transfer Learning: To test the influence of transfer learn-
ing, the model is trained under the same configuration setup
on the same data, once with pre-trained weights from the

Fig. 3: Scaled YOLO v4 mean Average Precision for IoU 0.5
mAP@0.5 training over 100 epochs with pre-trained weights
(orange graph), and random weights (red graph).

MS COCO data set and once without. Fig. 2 (c) shows the
advantage of pre-trained weights, as the model with pre-
trained weights has a much faster training time, with a stronger
increase in the first 40 epochs. Afterwards, both cases develop
at a similar slower rate, until the pre-trained model reaches
a roughly 2% higher mAP. This small improvement can be
attributed to the fact that the MS COCO data set is not
specified for plants, but rather for all kinds of objects.

Performance of Scaled YOLO v4 Next, the performance
of Scaled YOLO v4 is shown alongside the baseline model.
Despite the different training setups and the reduced compu-
tational resources available for our model, our approach was
able to achieved roughly a 10% higher mAP score than the
baseline model, at a much faster inference speed of 9.2 ms
per 480× 480 image at batch size of 16.

Fig. 3 summarizes the development of the mAP@0.5 over
100 epochs for both a pre-trained and not pre-trained case.
Since the use of pre-trained weights, represented by the orange
line, achieves a higher accuracy, only this case is considered.
One can observe a strong increase in accuracy in the first
25 epochs, then it improves at a slower rate. The best score
achieved is a mAP@0.5 = 75.5%, but could be even higher,
as the model did not reach convergence. Further, it has to
be noted that the baseline model addresses a simpler task
than ours, that of object localization, where class labels were
renamed to the same label.

Lastly, in Table I the performance on the testing set for
each plant is summarized. These values can be biased, since
a random testing set was chosen, so small deviations in the
performance can be expected. The total amount of targets,
which are the plant objects, is 1,300. The model reached an
overall precision of 0.662, a recall of 0.749 and a mAP@0.5
of 0.745. It can be seen that there is a strong variety in
performance scores. For example, CONAR has a mAP score of
97.8% and in contrast to this PPPMM, PPPDD and FUMOF
all have a mAP that is less than 50%, with PPPMM being
the worst at just 25.5%. PPPMM and PPPDD are the most
difficult to detect, as they consist of either weeds, or the ending
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  TABLE I: Results of applying model to testing set

Class Targets P R mAP@.5
all 1330 0.662 0.749 0.745

ALOMY 525 0.629 0.657 0.68
ANGAR 1510 0.794 0.87 0.856
APESV 382 0.482 0.51 0.519
ARTVU 573 0.734 0.726 0.783
AVEFA 546 0.641 0.672 0.654
BROST 288 0.818 0.677 0.688
BRSNN 495 0.828 0.808 0.82
CAPBP 2670 0.771 0.764 0.763
CENCY 806 0.903 0.965 0.964
CHEAL 883 0.706 0.667 0.681
CHYSE 228 0.662 0.713 0.716
CIRAR 191 0.697 0.911 0.915
CONAR 178 0.833 0.972 0.978
EPHHE 22 0.243 0.818 0.755
EPHPE 330 0.902 0.861 0.884
EROCI 275 0.848 0.96 0.958
FUMOF 17 0.234 0.353 0.395
GALAP 321 0.915 0.903 0.918
GERMO 354 0.687 0.975 0.976
LAPCO 160 0.763 0.894 0.896
LOLMU 404 0.599 0.666 0.657
LYCAR 70 0.423 0.843 0.796
PPPDD 1500 0.398 0.484 0.431
PPPMM 559 0.375 0.302 0.255

leaves of plants that grew into a neighboring box. Similarly,
FUMOF is the plant with the worst germination success and
correspondingly with the least amount of target objects, which
causes a very low mAP.

Fig. 4: Successful detection of GERMO plant objects.

Overall, the model achieved a very high mAP of over
97% for plants that grew well and where a rich data set
existed, as Fig. 4 shows for the plant GERMO. This shows
how the varying growth stages of plants can make this task
more challenging. Moreover, the model achieves an almost
9% higher recall than precision. This means that the model
is good at correctly detecting all existing plants, however, it
occasionally detects a plant that does not exist. Little stones
or small piles of soil could falsely be detected as tiny plants,
hence creating false positives.

To further analyze the effect of the imbalance in the data

set, a correlation matrix between the accuracy reached and the
number of plant objects of each plant is plotted in Fig 5. It
can be observed that the plants CIRAR, CONAR and GALAP
all have a rather small amount of plant objects in total, but the
model reaches a mAP of over 90% for all of them. Similarly,
the plant EPHHE, which has the second least amount of plant
objects, is still detected with a mAP of 75.5%. Interestingly,
for this plant the model achieved a very low precision, but a
rather high recall. This indicates that it identified too many
instances as this specific plant, however, if the plant is in
a given image, it detected the plant correctly. Although, the
model performed very well on some minority classes, there is
a slight positive correlation visible.

Fig. 5: This graph shows a scatter plot between the accuracy
(mAP) reached and the number of plant objects of each plant

VI. CONCLUSION

In this research, a method based on SoA object detection is
proposed for detecting plants in a novel data set, which stands
out for its large size and high intra-class variability. In this
dataset, diversity is provided by cultivating the plants under
three different growth stages and by temporal tracking. This
work improves upon the current baseline detection method
for this data set, both in terms of accuracy and efficiency, by
proposing appropriate data pre-processing steps and the imple-
mentation of a SoA real-time object detection model Scaled
YOLO v4. The images were cropped to remove their black
background, reducing the chance of false alarms, noise, while
increasing resolution. This improved the models mAP by about
7%. Contrast was added to the images to enhance colors and
edges, improving the model by 2%. Using pre-trained weights
from the MS COCO data set, the model yielded a much faster
increase in mAP and improved the model overall by roughly
2%. The performance of Scaled YOLO v4 is assessed on a
representative sample of about half of the entire data set due
to computational limitations. Nevertheless, the implemented
model achieved an improvement of approximately 10% over
the baseline plant localization model in terms of the mAP,
while being much more efficient. Moreover, the proposed
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  model does not overfit and the consequence of the imbalanced
data set is just minor. Finally, it can be expected that the model
will achieve an even higher improvement when using all the
available data and data augmentation to overcome data set
imbalances.
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