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Abstract

The growing global population and increasing food demand highlight the need for sus-
tainable agricultural practices that balance productivity with environmental protection.
Traditional blanket pesticide spraying leads to overuse of chemicals, environmental pollu-
tion, and biodiversity loss. This study aims to develop an innovative approach to precision
pest management using mobile computing, computer vision, and deep learning techniques.
A mobile measurement platform equipped with cameras and an onboard computer was
designed to collect real-time field data and detect pest infestations. The system uses
an advanced object detection algorithm based on the YOLOv4 architecture, trained on
a custom dataset of rapeseed pest images. Modifications were made to enhance detection
accuracy, especially for small objects. Field tests demonstrated the system’s ability to
identify and count pests, such as the pollen beetle (Brassicogethes aeneus), in rapeseed crops.
The collected data, combined with GPS information, generated pest density maps, which
can guide site-specific pesticide applications. The results show that the proposed method
achieved a mean average precision (mAP) of 83.7% on the test dataset. Field measurements
conducted during the traversal of rapeseed fields enabled the creation of density maps il-
lustrating the distribution of pollen beetles. Based on these maps, the potential for pesticide
savings was demonstrated, and the migration dynamics of pollen beetle were discussed.

Keywords: pest detection; precision spraying; artificial intelligence; oilseed rape; pollen beetle

1. Introduction
This article is dedicated to the memory of the late Kajetan Ozarowski, who passed

away unexpectedly and far too soon. May his work and contribution to this research serve
as a lasting benefit to the scientific community and beyond.

The world population is currently around 8.1 billion and is projected to continue grow-
ing, reaching 9 billion by 2037 and 9.7 billion by 2050. It is expected to peak at 10.4 billion
by 2080 [1]. This continuous growth in the human population drives an increasing demand
for agricultural products. Among these, oilseed crops play a crucial role in human nutrition
by providing edible oils and raw materials for fuel production.
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During the past 50 years, the cultivation area of cruciferous oilseed crops has expanded
significantly. This expansion has led to the spread of pests that attack these crops, particu-
larly insects [2]. The most important oilseed crop grown in temperate climates is rapeseed
(Brassica napus L.). Rapeseed is susceptible to attacks by numerous pests. These include
cabbage stem flea beetle (Psylliodes chrysocephala), cabbage aphid (Brevicoryne brassicae syn.
Aphis brassicae), cabbage gall midge (Dasineura brassicae syn. Contarinia brassicae), and pollen
beetles (Brassicogethes aeneus syn. Meligethes aeneus) [3]. Among these, the pollen beetle
(Brassicogethes aeneus, formerly known as Meligethes aeneus) poses a significant threat to
rapeseed cultivation, being a major pest that causes substantial economic losses [2,4]. Due
to the increased incidence of pests in rapeseed crops, the use of pesticides has become
an almost unavoidable part of the cultivation of these plants.

Rapeseed (Brassica napus L.) is highly attractive to pollinators. In conventional agri-
culture, where pesticides are widely used, this high attractiveness can increase the risk of
pesticide poisoning of bees [2,3]. Although pesticides are commonly used to control pests,
their effectiveness can vary due to several factors, including environmental [5]. Global
warming is a significant factor that can increase pest pressure on crops by enhancing in-
sect reproduction rates [6]. Temperature during the plant growth season can influence
insect flight activity, while wind direction [4], the proximity of forested areas [7,8], and the
development of widespread resistance in pollen beetle to various insecticides, including
pyrethroids, also play crucial roles [9].

Assessing rapeseed yield loss due to pest feeding is neither straightforward nor clear-
cut. It is generally accepted that rapeseed insect pests account for an average yield loss of
about 13% worldwide and 15% in Europe [10]. Other estimates suggest that key rapeseed
pests cause an approximately 20% [11] or even 25% [12] yield loss. An unprotected spring
or winter rapeseed crop against pollen beetle can result in yield losses ranging from a few
percent to 50% [13], and in some cases, losses may exceed 80 [14,15].

Taking action to protect a plantation must be preceded by an ongoing analysis of its
condition. Traditional procedures for monitoring winter rapeseed plantations for pests are
based, among other things, on the classic method of direct inspection of the plantation,
catching pests with an entomological net (net sampling) or shaking (shake method), the
use of yellow pots, an indirect method that includes the assessment of plant damage,
the use of pheromone, scent, and attractant traps (other than pheromone traps), and soil
sample analysis [16]. Most of these methods are low-cost, with the exception of pheromone
traps and soil samples [17]. Despite their many advantages, traditional methods also have
disadvantages. For example, direct inspection does not involve equipment costs and allows
for the simultaneous assessment of the developmental stage of plants and pests, but it
is time-consuming for large areas, highly dependent on the observer’s experience, and
not very effective against small and active pests [18]. The advantage of the scoop method
is that it allows for a quick assessment of the number of active insects, but it is not very
effective in low temperatures, strong winds, and humid conditions, and the results are
highly dependent on the technique used [18,19]. Yellow pots are very effective in detecting
early pest infestations, but this method does not directly reflect the number of pests on
plants, there is no precise link to economic damage thresholds, and it is a selective method,
working mainly on insects that react to color [9,17]. Unfortunately, the traditional methods
presented provide unrepresentative information in relation to different plantation locations
and are useless when it is necessary to develop a map of the degree of plantation infestation.
This is where methods based on optical detection and deep learning algorithms come in
handy, as they are particularly useful where there is potential for selective plant protection.

The dynamics of pollen beetle (Brassicogethes aeneus) immigration suggests significant
potential for precision agriculture to reduce insecticide use. This potential lies in the
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ability to spatially map beetle clusters within crops where their density is high. Optical
detection of the pollen beetle allows for a more effective assessment and determination of
damage thresholds, both temporally and spatially [20]. Studies have shown that selective
spraying with insecticides can effectively control pests and diseases in various crops,
reducing the use of pesticides and foliar fertilizers by an average of 30% to 65% [21], while
also protecting beneficial pollinators [22]. Furthermore, the application of insecticides
on flowering rapeseed (Brassica napus L.) to combat pests such as cabbage seed weevil
(Dasineura brassicae W.) often conflicts with the protection of pollinating and beneficial
insects [3].

To address the challenges of pest management in fields of rapeseed (Brassica napus
L.), various innovative approaches have been explored. One such approach involves the
use of drones to detect pest infestations and precisely spray pesticides, allowing targeted
and selective pest control [20,23]. Furthermore, various techniques and methods that use
machine learning (ML) show great promise in solving this problem [24,25].

Machine learning has become a transformative tool in agriculture, offering various
applications in precision agriculture, such as the detection and identification of diseases and
pests [26–29]. For instance, smartphone cameras and appropriate ML models have been
used to monitor and visualize pests in real time. As demonstrated in [25], the combination
of optical sensors and machine learning algorithms can effectively detect rapeseed pests in
real time.

In studies [5,15], machine learning was used to accurately detect pollen beetle (Bras-
sicogethes aeneus), a significant pest of oilseed rape (Brassica napus), achieving high accuracy
rates of approximately 91%. The above literature review suggests that the use of ma-
chine learning for pest detection can significantly improve crop management, reduce
dependency on pesticides, and improve economic benefits for the agricultural industry.
Furthermore, it indicates that the application of machine learning in agriculture will play
an increasingly vital role in ensuring food security, promoting sustainability, and increasing
productivity [30–32].

Several deep learning architectures have been developed for object detection, includ-
ing Faster R-CNN [33], Single Shot Detector (SSD) [34], and the YOLO (You Only Look
Once) [35–39]. Among these, YOLO stands out due to its balance of speed and accuracy,
especially in real-time applications. In the context of this study, where the recognition
of small objects and fast processing in a mobile, resource-constrained environment was
crucial, YOLO was deemed the most suitable. Specifically, the YOLOv4 architecture was
selected and further adapted to meet the demands of this research, given its improved
performance for detecting small-scale features [40–44].

Despite significant advances in applying machine learning to detect rapeseed pests,
there is a clear research gap in utilizing these algorithms on mobile platforms for dynamic,
real-time pest detection across multiple channels simultaneously. Previous studies have
primarily focused on static systems or limited laboratory conditions, not fully accounting for
the complexity and variability of field conditions. There is a lack of comprehensive research
that combines advanced AI algorithms with mobile measurement platforms capable of
effectively monitoring large crop areas under varying environmental conditions.

This study addresses a key research gap by introducing an innovative approach
to rapeseed pest detection. The novelty of our work lies in the development and im-
plementation of a mobile measurement system capable of detecting pests in real time,
across multiple image channels and under varying field conditions. The system inte-
grates advanced machine learning algorithms optimized for mobile platforms, precise
GPS-based spatial mapping, and a flexible methodology adaptable to different pest species
and environmental conditions.
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A major agricultural innovation of the proposed system is its potential ability to
perform selective spraying, applying pesticides only in areas where pest density exceeds
established harmfulness thresholds. Crucially, all operations, including pest recognition,
density assessment, and decision-making for spraying, are executed in real time during
a single field pass. This represents a significant step toward the automated control of
sprayer actuators (e.g., nozzles) on commercially available agricultural equipment.

Importantly, the system is universal in its design and can be adapted for use in
monitoring other crops, pests, weeds, and plant diseases. While rapeseed is the focus of
this study, it serves as a case study for broader applications.

2. Materials and Methods
2.1. System Architecture and Hardware Configuration

Figure 1 illustrates the architecture of the mobile measurement system used in this
study to evaluate the feasibility of using artificial intelligence for real-time pest detection in
agricultural fields. The system comprises the following components:

• An onboard Jetson Orin AGX computer (NVIDIA Corporation, Santa Clara, CA, USA)
with a DC power supply housed in a protective enclosure.

• Four GoPro Hero 11 Black cameras (GoPro, Inc., San Mateo, CA, USA) equipped with
integrated GPS.

• Input/output peripherals (LCD display, mouse, keyboard).
• A 12 VDC power connection from the tractor.
• A mounting structure installed on the tractor’s front linkage (Figures 2 and 3).

 

Figure 1. Architecture of the mobile measurement system.

The components were integrated into a dedicated mounting structure installed on
the tractor’s front linkage (Figures 2 and 3). The camera system, along with LED lamps,
was mounted at the front, while the onboard computer and power systems were placed in
a secure electric enclosure (Figure 3) to protect against dust and vibrations.

To facilitate the data collection process, a dedicated program was developed for the
Jetson Orin AGX computer. This software enabled synchronous image and GPS data
acquisition at a rate of approximately one image per second. Connectivity with the cameras
was established using the Open GoPro API, and GoPro Labs Firmware with custom settings
was used to enhance functionality. The main advantage of the GoPro cameras used in the
study is the automatic selection of image parameters (such as gain, exposure time, adjusted
to brightness), as well as shake correction and weather resistance.
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Figure 2. Cameras and LED lamps visible on a dedicated mounting system attached to the tractor’s
front linkage.

 

Figure 3. Electric enclosure with onboard computer and DC power supply.

2.2. Field Data Acquisition and Site Description

Field data were collected from several winter rapeseed plantations with a total area
of approximately 80 hectares. During the migration period of pollen beetles (late April
and May), a series of passes were made along the technological paths using an agricultural
tractor equipped with the front-mounted support frame carrying cameras with a total field
of view of approximately 6 m.

Prior to the field testing, a survey of field insect species was conducted. This was
essential to ensure that the detection system could distinguish the target pest from mor-
phologically similar species, such as cabbage stem weevils (Ceutorhynchus spp.), which
were also present in the fields. Although these insects share a similar dark coloration, their
distinct body morphology and movement patterns allowed for precise manual annotation
of only the target species (Brassicogethes aeneus).

The images were recorded under various lighting conditions, including sunny and
overcast weather as well as under artificial illumination—particularly in the late afternoon
and evening hours, which correspond to the optimal time for pesticide application due to
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the absence of pollinators. To avoid contamination of the training dataset with test data,
the routes were carefully planned so that the tractor did not pass through the same area
more than once. For testing, randomly selected continuous segments were chosen, with
additional margins added to ensure that the observation area did not overlap previously
surveyed sections, both in the experimental and the control fields.

2.3. Dataset Preparation and Annotation

The dataset included 600 labeled images in 5K resolution (5312 × 4648 pixels), in
an 8:7 aspect ratio. Labeling focused exclusively on pollen beetles, the primary pest at the
BBCH 50–59 growth stage. Due to the specific conditions of the implemented project, the
data were collected starting from the later growth stages.

Pest objects in the dataset were annotated manually in the YOLO format [35]. The small
size of the insects (often only a few pixels wide) presented a challenge. Only images with
pests in close proximity were labeled to maintain accuracy. Consequently, during detection,
pests appeared smaller than during training. To address this mismatch, modifications
suggested in [36,45], including adjusting the convolutional layers during inference, were
implemented. Data augmentation techniques such as occlusion simulation were employed
to enhance model robustness, while real-world variability was retained through diverse
environmental settings. To streamline the labeling process, active learning was used. After
each iteration of training, the model pre-labeled new images, and only incorrect annotations
were manually corrected.

2.4. Object Detection Model and Training Configuration

The YOLOv4 algorithm [35] selected for its speed and effectiveness with small
objects [40–42], was used to train the object detection model. While newer versions of
the YOLO architecture (up to YOLOv13) have since been released, YOLOv4 was chosen
because it was the most optimal and stable framework at the time this study was initiated.
Its seamless integration with the Darknet framework and the NVIDIA Jetson hardware
provided a proven, reliable environment for real-time inference, which was the primary
goal of our field application. Compared to SSD [34] and Faster R-CNN [33], YOLOv4 better
met the demands of the application.

Neural network training was performed on two NVIDIA RTX 4090 GPUs, using the fol-
lowing parameters: batch size = 64, subdivisions = 32, momentum = 0.949, decay = 0.0005,
learning rate = 0.001, maximum batch size = 6000, and training steps = 4800–5400. The
Mish activation function originally used in YOLOv4 was replaced with LeakyReLU due
to performance and compatibility issues on the Jetson platform. This change ensured
stable and efficient operation without degrading recognition performance; in fact, a slight
improvement was observed.

2.5. Model Evaluation and Ground Truth Correlation

A 10-fold cross-validation was used for model evaluation. In each iteration, 90% of
the dataset was used for training and 10% for testing, ensuring comprehensive model
assessment. Since detecting pests solely based on recorded images does not allow for
determining their actual number, manual counts were performed at randomly selected
locations within the plantation.

First, beetles visible to the naked eye on inflorescences and stems were counted,
and then all insects were shaken off into a container and counted again. In total,
100 representative samples were collected. It was calculated that the average share of
beetles visible to the naked eye was approximately 21%, with a wide variability ranging
from 12% to 89%. The average actual number of pollen beetles per plant was 28 individuals.
Visual counting detected only 15–25% of the beetles actually present, with an overall mean
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of 20.87%. The Pearson correlation coefficient between the number of visible and actual
beetles was 0.80. Based on these findings, it was assumed that the pests detected by the
cameras represented approximately 21% of the actual pest population. This value was
subsequently used to estimate the economic threshold of pest occurrence.

The primary system requirements for the object detection algorithm were as follows:

• Effective detection of small objects: Given the pests’ minimal size, often only a few
pixels wide.

• Fast object recognition: Required for near-real-time inference on a mobile, tractor-
mounted computer.

• Moderate accuracy: Correlation between detected and actual pest count is more critical
than individual detection errors for guiding site-specific pesticide application.

3. Results
3.1. Detection Accuracy and Performance Metrics

The dataset obtained during field passes was of high quality, with clearly visible objects
(Figures 4 and 5). To evaluate the algorithm’s performance, the mean Average Precision
(mAP) at Intersection over Union (IoU) was used [46]. In this study, AP at IoU = 0.50 was
chosen as the primary metric, yielding a result of AP@0.50 = 0.837.

 

Figure 4. Result of the operation of the neural network on the sample photo from the dataset—
correctly recognized pollen beetle.

While [47] reported a higher prediction value of 92.42% using low-resolution
(480 × 480) online images, our study utilized high-resolution 5K images where pests oc-
cupied only a few pixels. Given these challenging field conditions, a result of 0.837 is
satisfactorily high. Furthermore, in the context of pest detection, the system was tuned
to prioritize Recall (sensitivity). By using a lower confidence threshold, we ensured that
the majority of pests were detected (minimizing false negatives), which is a safer ap-
proach for agricultural intervention, even if it slightly increases the rate of false positives
(lower Precision).
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Figure 5. Result of the operation of the neural network on the sample photo from the dataset—
correctly recognized pollen beetle.

3.2. Real-Time Inference and Field Testing

Inference ran smoothly on the Jetson platform, achieving a processing speed of ap-
proximately 2 FPS for 5K images. This meet the operational requirements for real-time
triggering of pest control actions. Figures 6 and 7 illustrate the system’s ability to detect
pests even when partially obscured by petals.

 

Figure 6. Rape pollen beetle recognized by Jetson in real time.
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Figure 7. Rape pollen beetle partially obscured by the flower petals.

The collected data, combined with GPS coordinates, were used to visualize pest
density via heatmaps (Figures 8–10). Heatmaps were generated via opensource software
heatmapper [48]. We compared thresholds of 0.05, 0.1, and 0.5. At the 0.05 threshold, the
system captures the maximum extent of the infestation. Although this lower threshold
introduces some statistical noise (false positives), the core areas of pest concentration remain
consistent across all thresholds, confirming the stability of the detection zones.

 

Figure 8. Heatmap of pest density for a detection threshold of 0.05. A warmer color indicates
greater density.
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Figure 9. Heatmap of pest density for a detection threshold of 0.1. A warmer color indicates greater
density.

 

Figure 10. Heatmap of pest density for a detection threshold of 0.5. A warmer color indicates
greater density.

3.3. Derivation of Harmfulness Thresholds and Mapping

To translate visual detections into actionable agricultural data, we established a corre-
lation between standard harmfulness thresholds [9] and the system’s output. Based on the
finding that only 21% of pests are visible in the inflorescences and factoring in the 83.7%
system accuracy, we converted the “pests per plant” metric into “detected beetles per m2.
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As a result, harmfulness thresholds of 1, 2, 3, 4, and 5 pests per plant were found
to correspond to approximately 8, 16, 23, 32, and 49 detected beetles per m2, respectively.
These calculated values allowed for the generation of the intervention map in Figure 11,
created using spatial interpolation of GPS-tagged data. This map categorizes the field into
three zones: threshold not exceeded (0–2), treatment recommended (2–3), and treatment
required (3–5).

 

Figure 11. The thresholds of harmfulness for pollen beetle occurrence in a winter oilseed rape field,
mapped according to longitude and latitude. Confidence levels: 0–2—threshold of harmfulness not
exceeded, 2–3—insecticidal treatment recommended, 3–5—insecticidal treatment required.

4. Discussion
4.1. Pest Migration and Distribution Patterns

Contrary to some literature suggesting colonization begins at field edges [49], our
heatmaps (Figures 8–10) showed uneven distribution not limited to borders. This aligns
with [5], who noted that after flowering begins, beetles migrate toward the central parts
of the field. Additionally, the number of pollen beetles can vary significantly from day to
day [50].

For the final analysis (Figure 11), we adopted the 0.05 detection threshold. This
is a conservative, high-recall approach designed to account for pests that might be hid-
den or outside the immediate field of view, ensuring that no critical infestation zones
are overlooked.

4.2. Spatial Correlation and Environmental Proxies

Figures 12 and 13 illustrate the relationship between pest aggregation and geographical
coordinates. We observed a moderate correlation (r = 0.44 for latitude and r = 0.29 for
longitude) at a significance level of p < 0.05. It is important to clarify that latitude and
longitude serve as proxies for environmental determinants. The actual drivers of pest
occurrence are microclimatic factors, such as temperature and wind exposure, which vary
spatially across the coordinates recorded during our trials.
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Figure 12. Pollen beetle aggregation in oilseed rape depending on latitude. The blue circles denote
the detected pests, the solid line is the linear regression with r = 0.44 and the dashed lines show
confidence interval for p < 0.05. The vertical axis corresponds to the threshold of harmfulness.

 

Figure 13. Pollen beetle aggregation in oilseed rape depending on longitude. Linear regression:
r = 0.29 and confidence interval p < 0.05.

4.3. Technical Optimization and System Scalability

A potential challenge for the future deployment of this system is maintaining high
operational speed on embedded devices, especially if the number of cameras is increased
to cover wider field spans. While the current processing speed of 2 FPS is sufficient for
real-time mapping at standard tractor speeds, further scaling will require advanced opti-
mization. To address this, the implementation of TensorRT (NVIDIA’s high-performance
deep learning inference optimizer) is planned. Furthermore, model compression techniques
such as quantization (converting weights from FP32 to INT8) and pruning (removing re-
dundant neurons) could significantly reduce the computational load without substantially
compromising the detection accuracy of small objects like Brassicogethes aeneus.

4.4. Economic and Environmental Impact

Based on the mapping results, insecticide treatment was required on only 6.24 hectares
(34% of the field). On the remaining 66% (12.06 ha), no treatment was necessary. Using
Inazuma 130 WG at a rate of 0.2 kg/ha (approx. 12 USD/ha), this selective approach
would save approximately 140 USD per 18.3 ha field. Beyond the financial gain, this 66%
reduction in pesticide use significantly minimizes the environmental footprint and protects
pollinator biodiversity.
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5. Conclusions
The study confirmed that the integration of a mobile measurement platform with

the YOLOv4 deep learning algorithm provides a viable proof of concept for real-time
pest detection in winter rapeseed. The system achieved a mean Average Precision of
AP@0.50 = 0.837 and maintained a processing speed of 2 FPS on the NVIDIA Jetson
Orin AGX, meeting the operational requirements for real-time agricultural applications.
Quantitatively, the implementation of this technology allowed for a 66% reduction in the
area requiring insecticide treatment (only 6.24 ha out of 18.30 ha required intervention).
This selective approach results in direct financial savings of approximately 140 USD per
field and significantly minimizes the environmental impact by reducing chemical runoff
and protecting pollinator biodiversity.

For practical field leverage, the trained model can be integrated with an IFM mobile
controller and the tractor’s electronic system via the ISOBUS protocol. This enables site-
specific spraying where the intensity is regulated in real time based on the established
threshold of 23 detected pests per m2. Such an architecture allows for a “plug-and-play”
setup that requires no additional hardware inside the tractor cabin, facilitating adoption by
commercial farms. While this study focused on Brassicogethes aeneus, the methodology is
adaptable to other pests and crops. Future research will focus on expanding the dataset
to earlier phenological stages and employing model compression techniques, such as
quantization and pruning, to maintain high-speed performance as the sensor array expands.
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