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 A B S T R A C T

UAVs are becoming popular in agriculture, however, they usually use time-consuming row-by-row flight paths. 
This paper presents a deep-reinforcement-learning-based approach for path planning to efficiently localize 
weeds in agricultural fields using UAVs with minimal flight-path length. The method combines prior knowledge 
about the field containing uncertain, low-resolution weed locations with in-flight weed detections. The search 
policy was learned using deep Q-learning. We trained the agent in simulation, allowing a thorough evaluation 
of the weed distribution, typical errors in the perception system, prior knowledge, and different stopping 
criteria on the planner’s performance. When weeds were non-uniformly distributed over the field, the agent 
found them faster than a row-by-row path, showing its capability to learn and exploit the weed distribution. 
Detection errors and prior knowledge quality had a minor effect on the performance, indicating that the learned 
search policy was robust to detection errors and did not need detailed prior knowledge. The agent also learned 
to terminate the search. To test the transferability of the learned policy to a real-world scenario, the planner 
was tested on real-world image data without further training, which showed a 66% shorter path compared 
to a row-by-row path at the cost of a 10% lower percentage of found weeds. Strengths and weaknesses of 
the planner for practical application are comprehensively discussed, and directions for further development 
are provided. Overall, it is concluded that the learned search policy can improve the efficiency of finding 
non-uniformly distributed weeds using a UAV and shows potential for use in agricultural practice.
1. Introduction

In recent years, Unmanned Aerial Vehicles (UAVs) have become 
increasingly popular for various applications in agriculture (Rejeb et al., 
2022). Examples in agriculture are finding weeds or diseased plants in 
large arable fields (Albani et al., 2019; Chin et al., 2023), detecting 
cattle in pastures (Rivas et al., 2018; Liu et al., 2021), and blossom 
detection in orchards (Zhang et al., 2023). Generally, these applications 
have a main task: to find objects of interest in an area larger than the 
field-of-view (FoV) of the UAV, which requires the UAV to fly over 
the field. A limitation of using UAVs for these applications is their 
limited battery capacity (Rejeb et al., 2022; Gugan and Haque, 2023). 
Therefore, it is important to find a path between all the objects of 
interest that minimizes the UAV’s flight time in order to increase the 
area that can be inspected in a single flight.

When these objects are uniformly distributed over the area, a cov-
erage path planner covering the entire search area is suitable and 
efficient. However, in applications where the objects are non-uniformly 
distributed, it may be more efficient to use a search policy that searches 
for objects instead of covering the whole area. A task such as the 
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detection of weeds is an example of an application with non-uniformly 
distributed objects, since some weed species occur in distinct patches 
in a field (Dessaint et al., 1991; Cardina et al., 1997; Colbach et al., 
2000). A lot of work is done on weed detection using drone images (Xu 
et al., 2023; Anul Haq, 2022; Pei et al., 2022); however, they all follow 
predefined, row-by-row, flight paths.

Over the last years, Reinforcement Learning (RL) has gained more 
attention in path planning for both mobile robots (Yu et al., 2020; 
Gao et al., 2020; Niroui et al., 2019) as well as UAVs (Azar et al., 
2021; Tu and Juang, 2023). These RL-based methods can learn search 
strategies through interaction with the environment by maximizing 
the information gathered in an environment (Lodel et al., 2022). RL 
offers several advantages for path planning: it does not need a detailed 
map of obstacles in the environment, can deal with noisy sensor in-
formation (Gao et al., 2020), and can learn spatial relations between 
objects of interest in the environment. Once trained, an RL learned 
policy makes sequential decisions about the direction of the robot or 
drone with relatively short calculation times, as compared to traditional 
methods like Dijkstra’s algorithm, A*, and D* (Tu and Juang, 2023). 
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Nomenclature

𝑈𝐴𝑉 Unmanned Aerial Vehicle
𝐹𝑜𝑉 Field-of-View
𝑅𝐿 Reinforcement Learning
𝐹𝑃 False Positive
𝐹𝑁 False Negative
𝑀𝐷𝑃 Markov Decision Process
𝐷𝑄𝑁 Deep Q-Network

his allows for online path planning, eliminating the need to calculate 
he complete path in advance. Using RL, it is possible to plan paths with 
ess or uncertain prior knowledge about the environment (Yu et al., 
020; Gugan and Haque, 2023), thereby making path planning more 
lexible and reactive to a changing environment (Popović et al., 2024). 

Several works have studied path planning using RL. Panov et al. 
2018) and Yu et al. (2020) showed that a trained RL network is able 
o generate a policy to move an agent in a grid-based world to a target 
ocation while avoiding obstacles. Tang et al. (2024) and Chronis et al. 
2023) showed that an RL-learned path planner yielded shorter paths 
nd required less computational time than traditional methods like A* 
or an environment with static obstacles. Castro et al. (2023) used 
L to avoid obstacles while executing a flight path for inspecting fly 
raps in orchards. Westheider et al. (2023) showed an RL-based path 
lanner for cooperative multi-UAV monitoring of terrains, and showed 
he applicability of the method by discovering temperature hotspots on 
 real-world thermal dataset of a crop field.
A novel neural network architecture for coverage path-planning 

nd object search was introduced by Theile et al. (2020, 2021), com-
ining detailed high-resolution local information with low-resolution 
lobal information. They show that this representation is efficient for 
AV path planning to gather data from Internet-of-Things devices 
ithin a simulated city. Such representation can also be useful for a 
eed detection application using UAVs, where low-resolution global 
nformation about the field may be available on forehand, and local 
igh-resolution information about the UAV’s field-of-view is available 
uring flight. However, their approach assumes full prior knowledge 
bout the location of the target devices and the obstacles, which is, in 
any agricultural applications, uncertain or even absent. For example, 
he location of weeds in a field may not be exactly known beforehand, 
owever, some prior knowledge can be derived from the locations of 
he weeds during the previous year (Colbach et al., 2000; Dessaint 
t al., 1991). Uncertainty in prior knowledge also makes it more 
ifficult to determine when to terminate the search task. When having 
ull prior knowledge, there is enough information to stop the search 
ask when all objects are found. However, when the prior knowledge 
ecomes more sparse and unreliable, the number of objects might 
e unknown. This is especially true for weed detection, as the exact 
umber of weeds in a field is unknown. This makes the end of the 
earch task undefined. Yang et al. (2018) and Druon et al. (2020) 
sed a learned stopping action, where the agent could decide to stop 
earching when it was not profitable anymore. Building on the idea of 
ombining high-resolution local information and low-resolution global 
nformation in a single RL network architecture from Theile et al. 
2021), we developed and evaluated a reinforcement-learning-based 
AV path planner that can deal with this uncertain prior knowledge, to 
ocalize non-uniformly distributed weeds in a field and to decide when 
o terminate the search.
We propose an RL-based path planner that works on a higher 

bstraction level, getting a local weed map extracted from a perception 
odule based on a camera image, and providing actions in terms of 
light directions that would be executed by a drone’s flight controller. 
2 
Fig. 1. High-level drone control using Reinforcement Learning (RL) in combination 
with a local weed map from a perception system and some potential weed locations 
from the prior knowledge. The output of the detection network is used together with 
prior knowledge as input for the RL policy, the resulting discrete actions are then 
translated by the drone’s flight controller to motor commands.

Fig.  1 illustrates how the resulting simulation-trained policy can be 
used in the real world to control the drone. The drone’s camera image, 
containing variations in the weeds’ appearance due to, e.g., lightning 
conditions and natural variation, is converted to a local weed map using 
an object detection network. The resulting weed map, combined with 
potential, uncertain weed locations derived from prior knowledge, is 
used as input to the RL policy. The policy determines the action with 
respect to the highest expected reward. The discrete output actions (fly 
north, east, west, south) are then translated to motor commands by 
the drone’s flight controller. The advantage of this abstraction is that it 
allows us to train the RL agent in simulation by simulating the detection 
network’s output and the prior knowledge, and to run the trained agent 
on real image data.

Simulation-based training is necessary because training an RL agent 
requires huge amounts of data, as it needs to explore an enormous 
state–action space (Gugan and Haque, 2023). For our use case, training 
an RL agent to localize weeds in a field would need the agent to collect 
a very large amount of training data containing a large variety of weed 
locations in the field to allow it to explore different policies. As this is 
infeasible to achieve in the real world, we trained the agent using sim-
ulations, as is commonly done in literature, e.g. Azar et al. (2021), Gao 
et al. (2020), Theile et al. (2020, 2021), Panov et al. (2018), Yu et al. 
(2020). An additional benefit of a simulation is that we can investigate 
the effect of different weed distributions, detection inaccuracies, and 
prior knowledge uncertainty in greater detail. It also allows for many 
more repetitions than would be feasible in real-world experiments and 
thereby shows the practical potential of such an RL-based path planner 
for localizing weeds in a field.

However, when training in simulation, it is important that the 
abstract simulation includes typical errors in a perception model and 
a flight controller. The typical errors in translating the image into 
weed coordinates are false positive and false negative detections, and 
inaccuracies in the location of the detections. These are included in 
the simulation as explained in the materials section. Furthermore, the 
simulation makes some assumptions about the system: (a) it is assumed 
the drone is able to accurately execute discrete flight actions, such as fly 
one meter in a specific direction, (b) a maximum field size based on the 
number of grid-cells in the simulation and the area of each cell, (c) prior 
knowledge of the field shape and boundaries, (d) a trained detection 
network and (e) some potential, uncertain locations of weeds. The 
impact of all made assumptions is discussed at length in the discussion. 
To demonstrate the practical potential of learning RL policies in an 



R. van Essen et al. Computers and Electronics in Agriculture 237 (2025) 110651 
Fig. 2. Two examples of the simulation environment with the field-of-view indicated by the blue rectangle around the drone, the flight path in blue, the detected weeds in 
dark-gray and the not-yet detected weeds in light-gray.
abstract simulation, we show the performance of the simulation-learned 
RL policy on real-world image data.

The objective of this paper is to develop and evaluate an RL-based 
method for path planning to efficiently localize weeds using UAVs 
with a minimal path length. The novelty of our method is the abstract 
representation of the environment, which allows for a real-world weed 
detection application in combination with an object detection network. 
Despite being mainly a simulation study, we provide an important 
contribution to a real-world application by analyzing the effects of the 
spatial distribution of the weeds, typical errors in detection network 
output, and typical errors associated with prior knowledge. To show the 
transferability of the simulation-learned search policy to a real-world 
application, we also evaluate its performance on real-world image data 
without further training. Specifically, we study (1) the effect of the 
distribution of the weeds, (2) the effect of detection errors, (3) the effect 
of the quality of prior knowledge, (4) the effect of different stopping 
criteria, and finally, (5) the performance of the RL-based path planner 
on real-world data.

2. Materials and methods

In this chapter, we describe the simulation environment, problem 
statement, the used RL method, and the experiments.

2.1. Simulation environment

The field is simulated as a square grid of 𝑀 × 𝑀 ∈ N2 grid cells, 
where N is the set of natural numbers. The real-world size of each 
grid cell depends on the required spatial resolution, which is not part 
of the simulation environment. In this field, the number of weeds, 𝑛
is drawn from a normal distribution obj(𝜇, 𝜎). These weeds are then 
distributed according to 𝑘 different multivariate Gaussian distributions, 
where 𝑘 is drawn from dist(𝜇, 𝜎). Each Gaussian distribution  (𝜇𝑖, 𝛴𝑖)
has a random mean 𝜇𝑖 and a random covariance 𝛴𝑖 ∈ {𝛴1, 𝛴2}. By 
randomly distributing the weeds in each simulation, we ensure that the 
RL agent is reactive to the information gathered from the environment, 
rather than learning the specific locations of each weed. Additionally, 
by introducing randomness in the weed distributions, the RL agent 
can learn to respond to a large variety of different weed distributions 
through domain randomization.

A drone is flying over the field at a fixed altitude and has a camera 
with a FoV of size 𝐹 × 𝐹 ∈ N2 facing downward. The goal of the 
drone is to find all weeds in the field as fast as possible. The drone can 
start at the top-left or bottom-right part of the field, which is randomly 
selected. For experiments 1–3, the simulation terminates when all the 
weeds are found; in experiments 4 and 5, we use a learned stop signal. 
Fig.  2 shows two examples of the simulation environment.

The output of the detection network is simulated by creating a map 
of the weeds that are visible within the FoV. Typical errors in the output 
3 
of a detection network are False Positives (FPs), False Negatives (FNs), 
and positional errors. FP detections are simulated by adding 𝑟dt,fp ⋅𝐹 2 FP 
detections at a random location in the FoV, where 𝑟dt,fp is the fraction 
of FP detections with respect to the size of the FoV, 𝐹 . FN detections 
are simulated by removing 𝑟dt,fn ⋅𝑛fov detections from the visible weeds 
in the current FoV of the drone, where 𝑟dt,fn is the fraction of FN 
detections with respect to the number of weeds visible in the current 
FoV, 𝑛fov. Uncertainty in the position of the weeds in the detection map 
is simulated by adding an offset drawn from the normal distribution 
dt,pos(0.0, 𝜎), independently in both 𝑥 and 𝑦 directions. These errors 
are simulated independently for each detection.

To simulate prior knowledge, inaccuracies are added to the map of 
ground-truth locations of weeds. These inaccuracies are added using 
a similar approach as described above. False positives in the prior 
knowledge are added by adding 𝑟pk,fp ⋅ 𝑀2 weeds to the ground-truth 
map, where 𝑟pk,fp is the fraction of FPs in the prior knowledge with 
respect to the field size 𝑀 . FNs in the prior knowledge map are 
simulated by removing 𝑟pk,fn ⋅ 𝑛 weeds from the ground-truth map with 
the weed locations where 𝑟pk,fn is the fraction of FNs with respect to 
the number of weeds 𝑛. Same as for the detection network output, the 
location of the weeds is altered by drawing an offset from the normal 
distribution pk,pos(0.0, 𝜎). To simulate a reduction in resolution, the 
map is down-sampled using average pooling with a kernel size of 

⌊

𝑀
𝑃

⌋

where 𝑃 ×𝑃  is the resulting prior knowledge size. The prior knowledge 
is simulated once for each simulation.

2.2. Problem definition

To solve the described goal, the simulation is implemented as a 
Markov Decision Process (MDP). An MDP is described by a state–space 
𝑆, an action–space 𝐴, and a reward 𝑅 (Sutton and Barto, 2018). In 
a state 𝑠𝑡 ∈ 𝑆 at timestep 𝑡, an agent (the drone) performs an action 
𝑎𝑡 ∈ 𝐴 yielding a transition to state 𝑠𝑡+1 ∈ 𝑆 and a reward 𝑟𝑡 ∈ 𝑅.

The state–space representation, 𝑆, is adapted from Theile et al. 
(2021) and uses the same structure, containing a global and local map 
representation and a movement budget scalar. Maintaining the same 
structural representation, we encode different information in the global 
and local map: the global map contains down-sampled information 
about the complete field (the prior knowledge), and the local map 
contains detailed information about the current FoV of the drone 
(representing the output of the detection network). Both global and 
local maps consist of three layers: a field-area layer, a layer with the 
locations of the already detected weeds, and a third layer consisting 
of the prior knowledge for the global map and simulated detection 
network output for the local map. The field-area layer describes the 
area of the field (value of 0) and the area outside the field (value of 
1). The layer with the already detected weeds contains a value of 1 at 
the places where weeds have been detected and 0 at all other locations. 
The movement budget scalar 𝑏 equals the remaining battery capacity 
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Fig. 3. Example of the local (a) and global (b) map. Red indicates the already detected 
weeds, green the area outside the field and blue the simulated output of a detection 
network for the local map and the prior knowledge for the global map. Note that 
purple is a combination of red and blue.

and is calculated by 𝑏 = 𝑏init − 𝑠 ⋅ 𝑏step, where 𝑏init is the initial battery 
level of the drone, 𝑠 the number of flight actions made in the field, and 
𝑏step the battery usage of each step.

Both the global and the local map are drone-centric, meaning
that the drone is always in the middle of the map. Work by
Theile et al. (2021) showed that centering the local and global map 
makes it possible to scale to larger fields. To do so, the global map is 
padded to a size of (2𝑀 − 1) × (2𝑀 − 1) by adding padding values of 
0 for both the detected weed and prior knowledge layer and values 
of 1 for the field-area layer (indicating that the drone is not allowed 
to fly outside the field). To decrease the size of the global map, the 
global map is down-sampled using average pooling with kernel size 
𝑔global resulting in a global map size of 2𝑀−1

𝑔global
× 2𝑀−1

𝑔global
. The local map is 

padded to a size of 𝐹 × 𝐹  by adding padding values of 0 for both the 
detected weed map and output of the detection network, and values of 
1 for the field-area layer when the FoV partly extends outside the field. 
An example of the global and local map is shown in Fig.  3.

The action–space, 𝐴, contains the following actions: fly north, fly 
south, fly east, and fly west. Each fly action moves the drone one grid 
cell in the associated direction. The drone cannot move into the area 
outside the field. For experiments 4 and 5, we added another ‘land’ 
action that terminates the search.

For each timestep 𝑡, the reward function, 𝑟(𝑠𝑡, 𝑎𝑡), yields a positive 
reward, 𝑟dt, for every detected weed, a negative reward, 𝑟nfz, for trying 
to fly into the area outside the field and a small negative reward, 𝑟step, 
for every action. A large negative reward, 𝑟crash, is given when the 
drone runs out of battery before the task is completed, as it would crash.

The default parameters for the simulation are given in Table  1. The 
simulation is implemented using the OpenAI Gym API and is published 
on GitHub.1

2.3. Policy learning

The goal of RL is to find a policy 𝜋(𝑠) that specifies an action 𝑎 ∈ 𝐴
given state 𝑠 ∈ 𝑆. The control policy of the drone can be described by: 

𝜋(𝑠𝑡) = argmax
𝑎∈𝐴

𝑄(𝑠𝑡, 𝑎), (1)

where 𝑄(𝑠, 𝑎) is the learned action-value function. Q-learning is a 
popular model-free method that learns the action-value function by 
iteratively optimizing a Q-table using the immediate reward 𝑟𝑡 and 
the discounted future reward 𝛾 ⋅ max𝑎∈𝐴 𝑄(𝑠𝑡+1, 𝑎), where 𝛾 ∈ [0, 1]

1 https://github.com/wur-abe/rl_drone_object_search
4 
Fig. 4. Training procedure for the Deep Q-Network.

is the discount factor determining the emphasis on the future re-
ward (Sutton and Barto, 2018). Q-Learning is, however, unsuitable for 
learning high-dimensional state–spaces because the size of the Q-table 
grows exponentially with the number of possible states and actions. To 
overcome this problem, we used a Deep Q-Network (DQN) introduced 
by Mnih et al. (2015). DQN uses a neural network to approximate 
the action-value function. Although more RL algorithms exist, we use 
DQN because of the discrete action space and its sample efficiency 
(relative to other RL algorithms). However, the RL algorithm can easily 
be changed since the simulation environment uses the standard OpenAI 
Gym API.

Fig.  4 shows the training procedure for the DQN. During training, 
two identical neural networks are used: a policy network 𝑄 and a target 
network 𝑄target. Both networks have an equal architecture, which is 
described in Section 2.3.1. During training, the parameters from the 
target network, 𝜃target, are updated by the policy network parameters, 
𝜃, using a soft update: 

𝜃target ← (1 − 𝜏)𝜃target + 𝜏𝜃, (2)

where 𝜏 ∈ [0, 1] defines the update rate. This is done to stabilize 
the learning by reducing the correlation between the action values 
𝑄(𝑠, 𝑎) and the target value (immediate reward + discounted future 
rewards) (Mnih et al., 2015). Training data for the DQN is created using 
a replay buffer, which is explained in Section 2.3.2. The optimization 
of the policy network is described in Section 2.3.3.

2.3.1. Network architecture
Fig.  5 shows the network architecture used for the Q-network. This 

architecture is based on the architecture used in Theile et al. (2021). 
The network gets the current state 𝑠𝑡 as input and predicts the Q-value 
for every action 𝑎 ∈ 𝐴. The network consists of a feature extractor 
and a fully connected network. The feature extractor consists of two 
parallel convolution blocks to ensure unique feature extraction from 
both the local and the global map. The output of both convolution 
blocks is flattened and concatenated with the movement budget to 
combine the extracted features of the local and global map with the 
movement budget. Four fully-connected layers convert these features 
into four outputs that correspond to the action values for each possible 
action 𝑎 ∈ 𝐴. Compared to Theile et al. (2021), the input global map 
was larger (after down-sampling, see Section 2.2), resulting in a larger 
flattened layer and an increased number of trainable parameters.

2.3.2. Experience replay buffer
To create training data for the DQN, we used an experience replay 

buffer (Mnih et al., 2015). The replay buffer is a circular buffer of 
size 𝑛buffer containing state transition vectors, [𝑠𝑡, 𝑎𝑡, 𝑟𝑡, 𝑠𝑡+1]. From this 
buffer, mini-batches of size 𝑛batch are sampled for training the Q-
network. The buffer is filled by an agent that operates in the simulation 

https://github.com/wur-abe/rl_drone_object_search
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Table 1
Parameters for the default simulation environment.
 Parameter Value Description  
 𝑀 48 Field size  
 obj(𝜇, 𝜎)  (100, 30) Number of weeds  
 dist(𝜇, 𝜎)  (3, 2) Number of distributions  
 𝛴1 [ 5 8

8 15 ] Covariance distribution 1  
 𝛴2 [ 15 0

0 5 ] Covariance distribution 2  
 𝐹 11 FoV size of the drone  
 𝑟dt,fp 0.05 Detection FP  
 𝑟dt,fn 0.0001 Detection FN  
 dt,pos(0.0, 𝜎)  (0.0, 0.2) Detection offset  
 𝑟pn,fn 0.20 Prior knowledge FP  
 𝑟pn,fn 0.001 Prior knowledge FN  
 pk,pos(0.0, 𝜎)  (0.0, 0.5) Prior knowledge offset  
 𝑃 12 Prior knowledge resolution 
 𝑔global 3 Global map kernel size  
 𝑏init 75 Initial battery level  
 𝑏step 0.2 Battery usage per step  
 𝑟dt 1.0 Detection reward  
 𝑟nfz −1.0 Hit no-fly-zone reward  
 𝑟step −0.5 Step reward  
 𝑟crash −150.0 Crash reward  
Fig. 5. Network architecture for the DQN using the global and local map and the movement budget indicating the input size, the number of kernels and their size, the size of 
the flatten layer, and the size of the fully connected layers. The number of trainable parameters equals 2,544,548.
following a probability-based training policy that takes random actions 
from the action space 𝐴 using the probability vector 𝑝: 

∀𝑎 ∈ 𝐴, 𝑝(𝑠, 𝑎) =
exp(𝑄(𝑠, 𝑎)∕𝜆)

∑

∀𝑎𝑖∈𝐴 exp(𝑄(𝑠, 𝑎𝑖)∕𝜆)
, (3)

where 𝜆 ∈ (0,∞) is the temperature parameter. A high value for 𝜆
gives all actions equal probability, and a low value results in a greedy 
training policy (Eq.  (1)). This probability-based training policy has an 
advantage over a standard 𝜖-greedy policy because 𝜆 is independent of 
the number of training steps, whereas 𝜖 usually requires a schedule to 
decrease with the number of training steps. The training policy is equal 
to Theile et al. (2020).

2.3.3. Optimizing policy network
The optimal action-value function is approximated by minimizing 

the smooth L1 loss (Girshick, 2015) between the target, 𝑦 = 𝑟𝑡 +
𝛾 max𝑎𝑖∈𝐴(𝑄target(𝑠𝑡+1, 𝑎𝑖)), and the predicted value, 𝑦̂ = 𝑄(𝑠𝑡, 𝑎𝑡), using 
𝛽 = 1. Optimizing the weights of Q is done using an Adam optimizer 
with learning rate 𝛼.

Optimization of the policy network was started after the replay 
buffer was filled for 50% and was optimized for 𝑛steps training steps. 
The best weights were selected based on the highest mean reward 
observed over a validation set of 𝑛val evaluation episodes (sequences 
of steps in a simulation).

Table  2 shows the parameters used during training. The implemen-
tation of DQN in Stable-Baselines3 (Raffin et al., 2021) was used with a 
5 
custom feature extractor and custom training policy. Training was done 
on a computer with an AMD Ryzen 5950x CPU and NVIDIA RTX 3090 
graphics card using 12 parallel simulation environments.

2.4. Experiments

In this section, we present the experiments to validate the learned 
search policy. We evaluate the percentage of weeds found and the 
flight-path length. These values are compared to a traditional row-
by-row coverage flight path, planned by Fields2Cover (Mier et al., 
2023), using the size of the FoV, 𝐹 , as path width without overlap. 
Because we expected the learned path planner to outperform a row-
by-row flight path specifically for non-uniformly distributed weeds, we 
evaluated the impact of these weed distributions (Section 2.4.1). To 
test the robustness of the RL-learned path planner, we evaluated the 
effect of detection errors (Section 2.4.2) and prior knowledge quality 
(Section 2.4.3). We also investigated the effect of different stopping 
criteria to mark the end of the search (Section 2.4.4). Lastly, the 
transferability of the simulation-trained RL policy was evaluated on 
real-world image data (Section 2.4.5).

2.4.1. Experiment 1: Impact of weed distributions
To study the influence of the weed distribution on the path length 

and percentage of found weeds, three weed distributions were defined. 
Distribution ‘strong’ was a strong clustered distribution and used the 
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Table 2
Hyperparameters for training the Deep Q-Network.
 Parameter Value Description  
 𝛾 0.95 Discount factor  
 𝜏 0.005 Update rate  
 𝑛buffer 50000 Experience replay buffer size  
 𝑛batch 128 Mini-batch size  
 𝜆 0.1 Temperature parameter  
 𝛼 3 ⋅ 10−5 Learning rate  
 𝑛steps 107 Training timesteps  
 𝑛val 120 Number of validation episodes 
Table 3
Error levels for the simulated detection network.
 Error level 𝑟dt,fp 𝑟dt,fn dt,pos(0, 𝜎) 
 very high 0.01 0.5  (0, 0.5)  
 high 0.001 0.1  (0, 0.1)  
 moderate 0.0001 0.05  (0, 0.05)  
 low 0.00005 0.02  (0, 0.02)  
 perfect 0.0 0.0  (0, 0)  
Fig. 6. Example of a field with (a) a strong distribution, (b) a medium distribution, 
and (c) a uniform distribution of weeds.

default field parameters from Table  1. Distribution ‘medium’ was a 
medium clustered distribution with dist(𝜇, 𝜎) =  (4, 1) and  (𝜇𝑖, 𝛴𝑖)
has a random mean 𝜇𝑖 and a covariance 𝛴𝑖 uniformly sampled from set 
{𝛴1, 𝛴2, 𝛴3, 𝛴4} where 𝛴1 = [ 10 16

16 40 ], 𝛴2 = [ 40 0
0 10 ], 𝛴3 = [ 30 12

12 12 ], and 
𝛴4 = [ 15 4

4 20 ]. Distribution ‘uniform’ was a uniform distribution with 
each weed having a uniform random non-overlapping coordinate in 
the field. For all distributions, the number of weeds in the field was 
drawn from the same normal distribution obj(𝜇, 𝜎). An example of 
each distribution is shown in Fig.  6. All other parameters were kept 
at their default value as defined in Tables  1 and 2. A different policy 
was trained and evaluated using 1000 evaluation episodes for the three 
distributions.

2.4.2. Experiment 2: Influence of detection errors
To assess the influence of errors of the simulated detection network 

on the policy, we defined five detection error levels, ranging from 
a very high number of errors to no errors. The parameters for each 
level of detection errors are given in Table  3. The default simulation 
environment from Table  1 is equivalent to the moderate level in Table 
3. Fig.  7 shows an example of the simulated output of the detection 
network. All other parameters were kept at their default value as 
defined in Tables  1 and 2. For each level of detection errors, a policy 
was trained and evaluated using 1000 evaluation episodes.

2.4.3. Experiment 3: Influence of prior knowledge quality
We assessed two aspects of quality in the prior knowledge: the 

uncertainty related to resolution and the inaccuracy in the prior knowl-
edge. When the resolution of the prior knowledge is low, only sparse 
information about the location of the weeds is available. This could, for 
example, be information from other sources with a lower spatial reso-
lution, such as satellite images or images taken from a higher altitude. 
Another aspect of prior knowledge is the inaccuracy. The higher the 
inaccuracy, the less reliable the prior knowledge becomes. This could, 
6 
for example, be due to sensor noise or detection errors. We defined five 
levels of prior knowledge quality, ranging from no prior knowledge 
(level none) to perfect prior knowledge (level perfect), expressing an 
increasing quality. Table  4 defines these levels. The default simulation 
environment from Table  1 is equivalent to the moderate level in Table 
4. To keep the same number of trainable parameters in the DQN, we 
kept the same number of cells in the prior knowledge map for all 
quality levels by using nearest neighbor upsampling to resize the prior 
knowledge map to 48 × 48. Fig.  8 shows an example of the prior 
knowledge map for each level. All other parameters were kept at their 
default value as defined in Tables  1 and 2. For each quality level, 
a different policy was trained and evaluated using 1000 evaluation 
episodes.

2.4.4. Experiment 4: Effect of different stopping criteria
In a real-world application, the number of weeds might be un-

known, which makes the termination of the simulation when all weeds 
are found infeasible. Therefore, we evaluated the effect of different 
stopping criteria, specifically:

1. Stop searching when a certain percentage of the field is covered. 
Two levels were tested, 50% and 75%.

2. Stop searching when there are no new weeds detected for a 
certain number of flight actions. To avoid constantly resetting 
this counter due to FP detections, at least 2 weeds need to be 
detected. Three thresholds were tested: 15, 25, and 50 steps.

3. A learned landing action, by extending action space 𝐴 with a 
‘land’ action that terminates the search.

These stopping criteria were compared with the default stopping 
criterion, which stops searching when all weeds are found. We com-
pared both the percentage of found weeds and the path length. For 
each stopping criterion, a separate policy was trained and evaluated 
on 1000 evaluation episodes.

2.4.5. Experiment 5: Transferability of simulation-learned policy to a real-
world application

To test the transferability of the learned policy to a real-world 
scenario, the planner was tested on real-world image data without 
further training. To do so, we evaluated its performance on the four 
real-world datasets presented in van Essen et al. (2025). Each dataset 
consists of a high-resolution orthomosaic of a grass field containing 
artificial plants distributed in clusters in the field, as a proxy for a 
weed detection application. Images were captured at four different 
dates in spring and summer using a DJI M300 drone with a Zenmuse 
P1 RGB camera, each date having a different weed distribution. The 
orthomosaics were made using Agisoft Metashape (Agisoft, 2023) using 
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Table 4
Prior knowledge quality levels.
 Quality
level

𝑃 𝑟pk,fp 𝑟pk,fn pk,pos(0, 𝜎) 

 none 0 × 0 – – –  
 low 2 × 2 0.002 0.40  (0, 1.0)  
 moderate 12 × 12 0.001 0.20  (0, 0.5)  
 high 24 × 24 0.0005 0.05  (0, 0.25)  
 perfect 48 × 48 0.0 0.0  (0, 0)  
Fig. 7. Example of field-of-view (a) and the corresponding simulated detection network output for a very high (b), high (c), moderate (d), and low (e) number of detection errors, 
and a perfect (f) detector. For visibility, a colormap is applied.
Fig. 8. Example of the prior knowledge of world (a) for quality level none (no prior knowledge) (b), low (c), moderate (d), high (e), and perfect (f). Level perfect has high-resolution 
knowledge about the locations of the weeds, while level low has limited knowledge about the locations of weeds. For visibility, a colormap is applied.
the high-quality settings. Compared to van Essen et al. (2025), we only 
use a part of the orthomosiacs to match the squared input format of the 
RL agent.

Fig.  9 illustrates the generation of the local weed map using real-
world orthomosaic data. To align with the state representation of the RL 
agent, we rasterize the fields in a raster of 𝑀×𝑀 grid cells with a grid-
cell size of 1 × 1 m. At each time step, a camera image was generated by 
mapping the UAV position to real-world coordinates, cropping an area 
of 𝐹 × 𝐹  m around this position from the orthomosaic, and resizing 
the crop to an image of 2048 × 2048 pixels using linear interpolation. 
Weeds were detected in the camera images using YOLOv8-nano (Jocher 
et al., 2023). All detected weeds with a confidence score larger than 
0.5 were mapped to the local map coordinates to create the local weed 
map. The detection network was trained for 250 epochs on the training 
dataset used in van Essen et al. (2025), which consisted of real-world 
drone images from the grass field with artificial plants taken from 12 m, 
24 m, and 32 m altitude. In total, 1618 images with 2000 annotations 
were available. Compared to van Essen et al. (2025), both classes were 
merged into a single ‘plant’ class.

To create the global map, prior knowledge was generated using a 
high-altitude row-by-row flight path with a field-of-view of 24 × 24 grid 
cells. In these images, weeds were detected using the trained detection 
network. All detected weeds with a confidence score larger than 0.05 
were mapped to the global map coordinates.

For the experiment, we used the trained RL policy with learned 
landing action from experiment 4. The results of this policy on the 
four datasets were compared to the baseline row-by-row flight path. 
We compared both the percentage of found weeds and the flight-path 
length.
7 
3. Results

3.1. Experiment 1: Impact of weed distributions

Fig.  10 shows the relation between flight-path length and the per-
centage of found weeds for different distributions of weeds. The more 
uniformly distributed the weeds were, the more linear the relation 
between path length and the number of found weeds. For the strong 
and medium distributions, the learned policy outperformed the baseline 
row-by-row flight path, having found more than 80% of the weeds in 
73 and 94 steps on average, respectively, compared to 209 steps for the 
baseline row-by-row flight path. However, the learned policy often had 
trouble finding all weeds before the battery was empty. 

Table  5 shows the percentage of found weeds at 100, 200, and 300 
flight steps for the policy learned by DQN and the baseline row-by-row 
flight path. Up to 200 flight steps, the DQN policy significantly found 
more weeds than the baseline. However, in contrast to the baseline, it 
did not find all weeds.

Fig.  11 shows examples of a single flight path for the strong, 
medium, and uniform distributions, respectively. It can be seen that 
the drone flew in quite straight lines till around 80% of the weeds were 
found. After 80% the drone started wandering around till the battery 
was empty and crashed, because the drone missed some weeds, and the 
environment only terminated when all weeds were found.

3.2. Experiment 2: Influence of detection errors

Fig.  12 shows the relation between the different levels of detection 
errors and the percentage of found weeds and flight-path length. All the 
levels outperformed the baseline row-by-row flight path. The learned 
policy is robust and only starts to drop performance for a very high 
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Table 5
Percentage of found weeds at 100, 200, and 300 flight steps for a strong, a medium, and a uniform weed distribution for the policy learned by 
DQN, and the baseline row-by-row flight path. The values show the mean ±the standard deviation. Values indicated with a ‘*’ have a significant 
(𝛼 = 0.001) higher percentage of found weeds than the baseline row-by-row flight path (Welch’s t-test).
 Method 100 steps 200 steps 300 steps  
 row-by-row 0.37 ± 0.08 0.76 ± 0.07 1.00 ± 0.00 
 dqn-strong 0.88 ± 0.14* 0.95 ± 0.08* 0.97 ± 0.06 
 dqn-medium 0.82 ± 0.13* 0.93 ± 0.08* 0.95 ± 0.05 
 dqn-uniform 0.55 ± 0.06* 0.81 ± 0.07* 0.89 ± 0.05 
Table 6
Percentage of found weeds at 100, 200, and 300 flight steps for different levels of detection errors for the policy learned by DQN, and the 
baseline row-by-row flight path. The values show the mean ±the standard deviation. Values indicated with a ‘*’ have a significant (𝛼 = 0.001) 
higher percentage of found weeds than the baseline row-by-row flight path (Welch’s t-test).
 Method 100 steps 200 steps 300 steps  
 row-by-row 0.37 ± 0.30 0.76 ± 0.25 1.00 ± 0.00 
 dqn-very high 0.80 ± 0.17* 0.92 ± 0.08* 0.94 ± 0.06 
 dqn-high 0.90 ± 0.11* 0.96 ± 0.05* 0.97 ± 0.04 
 dqn-moderate 0.90 ± 0.12* 0.96 ± 0.05* 0.97 ± 0.04 
 dqn-low 0.90 ± 0.13* 0.96 ± 0.05* 0.97 ± 0.04 
 dqn-perfect 0.90 ± 0.13* 0.95 ± 0.07* 0.96 ± 0.06 
Fig. 9. Applying the simulation-trained Reinforcement Learning policy to real-world image data by generating an image from the orthomosaic (with the raster shown in red) 
corresponding to the drone’s field of view (blue rectangle), and converting it into a local weed map using an object detection network.
Fig. 10. Effect of a strong, a medium, and a uniform weed distribution on both the 
number of found weeds and the path length for the policy learned by DQN, and the 
baseline row-by-row flight path. The lines show the mean over 1000 episodes.

number of detection errors. All levels outperform the baseline by having 
found 80% of the weeds in 70–98 steps compared to 206 steps for the 
baseline row-by-row flight path.
8 
Table  6 shows the percentage of found weeds at the different detec-
tion error levels corresponding to 100, 200, and 300 flight steps for the 
DQN policy and the baseline row-by-row flight path. The differences 
between the levels were small, only the very-high level of detection 
errors performed slightly lower, although it still found significantly 
more weeds than the baseline until 200 flight steps. Up to 200 flight 
steps, the DQN policy had found significantly more weeds than the 
baseline.

Fig.  13 shows some flight paths for the different levels of detection 
errors. For a very high number of detection errors (Fig.  13a), there are 
many false positive detections visible. When having a perfect detection 
network (Fig.  13e), the agent missed some weeds, however, this is just 
an example of a single flight path. On average, this level of detection 
errors performed comparable to the levels low-high (Fig.  12).

3.3. Experiment 3: Influence of prior knowledge quality

Fig.  14 shows the relation between flight-path length and the num-
ber of found weeds for different levels of prior knowledge quality. 
When having a perfect prior knowledge map without mistakes, the DQN 
learned a policy that found all weeds. Even with prior knowledge of 
low quality, the DQN learned a policy to quickly find most weeds. 
However, not all weeds were found before the battery was empty. 
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Table 7
Percentage of found weeds at 100, 200, and 300 flight steps for different prior knowledge quality levels for the policy learned by DQN, and the 
baseline row-by-row flight path. The values show the mean ±the standard deviation. Values indicated with a ‘*’ have a significant (𝛼 = 0.001) 
higher percentage of found weeds than the baseline row-by-row flight path (Welch’s t-test).
 Method 100 steps 200 steps 300 steps  
 row-by-row 0.37 ± 0.30 0.76 ± 0.25 1.00 ± 0.00 
 dqn-none 0.35 ± 0.32 0.45 ± 0.33 0.49 ± 0.33 
 dqn-low 0.72 ± 0.24* 0.78 ± 0.22 0.80 ± 0.20 
 dqn-moderate 0.90 ± 0.12* 0.96 ± 0.05* 0.97 ± 0.05 
 dqn-high 0.92 ± 0.10* 0.97 ± 0.03* 0.98 ± 0.03 
 dqn-perfect 0.94 ± 0.08* 0.99 ± 0.02* 0.99 ± 0.01 
Table 8
Percentage of found weeds and path length for the different stopping criteria and the baseline row-by-row flight path. The values show the 
mean ±the standard deviation. Values indicated with a ‘*’ have a significantly shorter (𝛼 = 0.001) path length than the baseline row-by-row 
flight path (Welch’s t-test).
 Method Percentage found weeds Path length 
 row-by-row 1.00 ± 0.00 276 ± 0  
 all weeds (default) 0.98 ± 0.03 281 ± 130  
 coverage 50% 0.94 ± 0.08 239 ± 97*  
 coverage 75% 0.97 ± 0.06 371 ± 14  
 15 steps no new weeds 0.45 ± 0.42 52 ± 40*  
 25 steps no new weeds 0.72 ± 0.38 98 ± 52*  
 50 steps no new weeds 0.94 ± 0.14 193 ± 79*  
 land action 0.88 ± 0.16 71 ± 31*  
Fig. 11. Single flight paths of the RL agent (a–c) and the baseline row-by-row flight path (d–f) for strong (a,d), medium (b,e), and uniform (c,f) distribution of weeds. The detected 
weeds are indicated with black dots and the undetected weeds with gray dots. The red line indicates the flight path till 80% of the weeds are found, the blue line the complete 
flight path till all weeds were found or the battery was empty.
Fig. 12. Effect of the different levels of detection errors on the percentage of found 
weeds for the policy learned by DQN, and the baseline row-by-row flight path. The 
lines show the mean over 1000 episodes.

The higher the quality of the prior knowledge, the more weeds were 
found. In complete absence of prior knowledge (level none) the agent 
still found some weeds, however, a row-by-row flight path is more 
efficient in that case. The levels moderate and above outperformed the 
baseline by finding more than 80% of the weeds in 71, 69, and 67 
steps, respectively, compared to 206 steps for the row-by-row flight 
path. Level low needed around 300 steps to find 80% of the weed.
9 
Table  7 shows the percentage of found weeds for the different 
levels of prior knowledge corresponding to 100, 200, and 300 flight 
steps for the DQN policy and the baseline row-by-row flight path. 
Levels ‘moderate’ and higher had a significantly higher number of 
found weeds than the baseline at 200 flight steps. Level ‘low’ only 
outperformed the baseline at 100 flight steps. Without prior knowledge, 
the row-by-row flight path was more efficient even at a low number of 
flight steps. At 300 flight steps, the baseline found all weeds, compared 
to 97%, 98% and 99% for the levels ‘moderate’, ‘high’, and ‘very-high’ 
respectively.

Fig.  15 shows some flight paths for the DQN agents with different 
levels of prior knowledge quality. Without prior knowledge (Fig.  15a), 
the agent quickly found the weeds around the start location of the 
drone based on information from the local map, but failed to find weeds 
further away from the start location. When having perfect prior knowl-
edge (Fig.  15e), the agent quickly finds all weeds without wandering 
around.

3.4. Experiment 4: Effect of different stopping criteria

Table  8 shows the percentage of weeds found and flight-path length 
using different stopping criteria. Setting a threshold on coverage re-
sulted in a high percentage of found weeds, but also a long path length. 
This indicates that the agent had difficulty fulfilling the coverage 
threshold before the battery was empty. Stopping the search task when 
there were no new detections during 15, 25, or 50 consecutive steps 
resulted in a significantly shorter path length than the baseline row-by-
row flight path. However, terminating the task 15 or 25 steps after the 
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Fig. 13. Single flight paths of the RL agent for detection error levels very low (a), low (b), moderate (c), high (d), and perfect (e) and the baseline row-by-row flight path (f). 
The detected weeds are indicated with black dots and the undetected weeds with gray dots. The red line indicates the flight path till 80% of the weeds are found, the blue line 
the complete flight path till all weeds were found or the battery was empty.
Fig. 14. Effect of the different prior knowledge quality levels on the percentage of 
found weeds for the policy learned by DQN, and the baseline row-by-row flight path. 
The lines show the mean over 1000 episodes.

last detection was too soon, indicated by the lower percentage of found 
weeds. Terminating the search task when there were no new weeds 
detected in the previous 50 steps resulted in a high number of found 
weeds and a shorter flight path than the default stopping criterion (stop 
searching when all weeds were found). Using a learned land action that 
terminates the search yielded a high percentage of found weeds and 
a very short path length. Compared to the baseline row-by-row flight 
path, it yielded a 74% shorter flight path at the cost of a 12% lower 
percentage of found weeds. When it is not essential to find all weeds 
and a short flight-path length is important, using a learned land action 
to terminate the search is suitable.

Fig.  16 shows the distribution of the action value of the learned land 
action (after the softmax layer) compared to the percentage of found 
weeds. As was expected, the number of times the land action got a high 
action value increased when the percentage of found weeds increased, 
indicating that the agent learned that landing is only profitable after 
finding most weeds. In 2% of the episodes, the drone landed directly 
without taking any flight actions.

3.5. Experiment 5: Transferability of simulation-learned policy to a real-
world application

Fig.  17 shows the percentage of found weeds against the flight-
path length on the four real-world datasets for the DQN policy and 
the baseline row-by-row flight path. Till 200 flight steps, the DQN 
policy found more weeds than the baseline. When the drone landed, 
the percentage of found weeds on the real-world image data ranged 
between 68% to 97% for the DQN policy. Due to detection errors, the 
baseline did not find all weeds, with the total percentage of found 
weeds ranging between 82% to 97%. On average, the DQN policy found 
81.2±10.4% of the weeds before landing in 94±31 flight steps, whereas 
the row-by-row flight path found 90.9 ± 5.8% of the weeds in 276 ± 0
flight steps. This corresponds to a 66% shorter flight path compared to 
10 
the row-by-row flight path at the cost of a 10% lower percentage of 
found weeds.

Fig.  18 shows the flight path of the DQN policy and the baseline 
row-by-row flight path for real-world datasets. On dataset 1, the DQN 
policy missed a cluster of weeds, which explains the lower percentage 
of found weeds for dataset 1 in Fig.  17. On datasets 2 and 4, the DQN 
policy found all clusters, but missed some weeds within the clusters. 
Both the DQN policy and the baseline made some false-positive and 
false-negative detections.

4. Discussion

The results showed that, with prior knowledge, the RL agent was 
able to find a shorter path than a baseline row-by-row flight path for 
finding the weeds when they were non-uniformly distributed. Even 
with low-quality prior knowledge and a high number of detection 
errors, the learned search policy still outperformed a baseline row-by-
row flight path in terms of path length and was able to find most weeds. 
Especially when the weeds are not uniformly distributed, there is great 
potential in a learned search policy over a traditional row-by-row flight 
path if a perfect mapping of weeds is not required. When there was no 
perfect prior knowledge available, the RL agent still found most weeds 
quicker than the row-by-row flight path, but was not able to find all 
weeds. The simulation-learned policy is transferable to a real-world 
application, as was shown in experiment 5. Section 4.1 discusses the 
DQN policy results compared to the literature, Section 4.2 the action 
selection by the agent, Section 4.3 the used action space, Section 4.4 
learning in absence of prior knowledge, Section 4.5 the application and 
finally, Section 4.6 discusses the influence of the assumptions on the 
applicability in the real world.

4.1. Comparison with literature

All results in this paper were compared to a baseline row-by-row 
flight path, which is most commonly used in practice. On real-world 
data, the DQN policy yielded a 66% shorter flight path at the cost of 
a 10% lower percentage of found weeds. Several alternative UAV path 
planning methods for object detection in fields are proposed in litera-
ture. For instance, van Essen et al. (2025) showed a rule-based adaptive 
path planner that resulted in a 37% shorter flight path at the cost of a 
2% lower F1-score compared to a row-by-row flight path. Popovic et al. 
(2017) introduced a path planner for weed active weed classification 
that found 85% of the weeds in 150 s, whereas a row-by-row flight path 
took 300 s to find the same number of weeds. Both papers use different 
data, which makes a direct comparison impossible, but they do show 
the same trade-off between accuracy and flight path length. Similarly 
to the results in this paper, they both show that the flight paths were 
more efficient when the objects were non-uniformly distributed.
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Fig. 15. Single flight paths of the RL agent for prior knowledge quality level none (no prior knowledge) (a), low (b), moderate (c), high (d), and perfect (e), and the baseline 
row-by-row flight path (f). The detected weeds are indicated with black dots and the undetected weeds with gray dots. The red line indicates the flight path till 80% of the weeds 
are found, the blue line the complete flight path till all weeds were found or the battery was empty.
Fig. 16. Histogram showing the relation between the action value after the softmax 
layer for the landing action and the percentage of found weeds. The colors are 
normalized column-wise.

4.2. Action selection

Towards the end of some episodes, the agent sometimes got stuck 
in the same spot when not all weeds were found by repeating the same 
two actions, such as ‘fly north’ and ‘fly south’ or ‘fly east’ and ‘fly west’ 
(Fig.  15b for an example). Using a learned land action in experiment 4 
solved this issue as it allowed the RL agent to decide when to terminate 
the search task, and thus, when it was not profitable anymore to search 
for the last weeds. However, we observed some cases where the drone 
directly terminated the search task. This only happened in 2% of the 
episodes, in contrast to Yang et al. (2018) and Druon et al. (2020). Yang 
et al. (2018) indicated a 20%–30% lower performance when using a 
stopping action, and Druon et al. (2020) attributed around 50 percent 
of the failure cases to selecting the stopping action at the wrong 
moment. The difference in performance may be due to their use of 
an end-to-end network architecture that takes images as input, unlike 
the abstract representation used in this work. As these images have a 
larger variability than the abstract representation we use, the network 
is likely to be more uncertain about its predictions, which makes it 
more profitable to terminate earlier. To reduce the remaining 2% of 
direct terminations, a penalty for missing weeds when landing could be 
introduced during training. This would encourage the agent to explore 
at least parts of the field before landing.

4.3. Action space

Similar to most research on RL-based path planning for UAVs 
(e.g. Gugan and Haque, 2023; Husnain et al., 2023), in this work, the 
environment is simplified into a 2D representation, where the UAV flies 
at a fixed altitude. To further increase the efficiency of the RL learned 
policy, the environment could be changed to 3D by involving actions 
for altitude changes, which can have several advantages for a search 
policy. In the context of weed detection, it can be used to get a (low 
resolution) overview of the whole field at a high altitude, which can be 
used as prior knowledge in the global map. The drone can then learn 
to fly lower to inspect parts of the field in high resolution.
11 
Fig. 17. Percentage of found weeds and the flight-path length for the policy learned 
by DQN and the baseline row-by-row flight path on the four real-world datasets.

4.4. Learning in the absence of prior knowledge

Experiment 3 showed that learning a search policy without any 
prior knowledge remained a challenge. Because the agent had no clue 
where the weeds were, gathering useful state transition vectors for the 
experience replay buffer was difficult, which prevented the agent from 
learning useful actions. Possibly, curriculum learning can be used to 
gradually build up the challenge for the agent (Narvekar et al., 2020), 
starting with a simulation that has full prior knowledge and slowly 
building up to a simulation without prior knowledge.

4.5. Application

The use case in this paper is weed detection in agricultural fields. 
However, the learned planner could be applied to any task where the 
target objects are non-uniformly distributed in the environment and 
the goal of the application is to quickly find most of them. For these 
applications, the learned policy clearly outperforms the baseline row-
by-row flight path. However, there is no guarantee that all objects are 
found, which limits the usability of such a learned policy in applications 
where it is crucial to find all objects. For the use case of weed detection 
in arable fields, it may be fine to detect most weeds and miss some. 
Since weed detection requires multiple flights throughout the season, 
weeds that were not detected in this flight can be detected in a later 
flight.

The agent was trained on a large variety of different simulated 
object distributions. The trained agent may work for real-world ap-
plications where the number of clusters, the number of objects, and 
the spatial distribution within the clusters fall within the randomized 
ranges used during training. However, when there are large differences 
between the real-world distribution of the weeds and the distribution 
in the training simulation, changing the simulation parameters and 
retraining the agent may be required.
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Fig. 18. Flight path on dataset 1 (a,e), 2 (b,f), 3 (c,g) and 4 (d,h) for the DQN policy (a–d) and the baseline row-by-row flight path (e–h). Blue, orange, and red markers indicate 
a true positive, false positive, and false negative object detections, respectively. The start and end position of the UAV is indicated by an arrow.
During a real-world application, the inference time equals the sum 
of both the detection network and the DQN. On embedded devices, such 
as a NVIDIA Jetson Orin, the used detection network, YOLOv8-nano, 
has an inference time of around 20 ms (Rey et al., 2025). Since the 
DQN is even smaller, running both the object detection network and 
the DQN on board a drone in real time should be feasible. Future work 
will focus on applying the simulation-trained RL policy to a real drone 
on a real-world application.

4.6. Impact of assumptions on applicability in the real world

Although most of the presented work was based on an abstracted 
simulated environment and pre-recorded datasets, the proposed
method can easily be applied to a real-world scenario with a few 
additions. The simulator was designed to be used in combination 
with an object-detection system, prior knowledge information, and a 
flight controller (Fig.  1). Using a trained object detector, weeds can 
be detected from a camera image to generate the local weed map 
as input to the RL, as demonstrated in experiment 5. The resulting 
discrete flight actions can be executed on a real drone using the drone’s 
flight controller. Below, we discuss the underlying assumptions of the 
simulation and RL policy, as mentioned in the introduction, and discuss 
the implications for real-world use:

Drone can accurately execute flight actions: the flight controller 
of the drone should be able to translate the discrete flight actions into 
motor signals. The discrete actions are in four directions with a distance 
determined by the grid-cell size. Due to inaccuracies in the drone’s 
position and attitude, the estimated location of the drone is imperfect. 
The localization accuracy of the drone should therefore be higher than 
the grid-cell size, to be able to accurately move the drone to a specific 
grid-cell. Although not tested in this paper, when using grid-cells of, 
for example, 1 × 1 m, a drone equipped with RTK-GPS (accuracy of 
around 2–3 cm) should be more than accurate enough to execute the RL 
policy. As the use of RTK-GPS is quite standard on agricultural drones, 
this assumption can be met.

Field size: since the prior knowledge map is related to the field 
size and the Q-network uses a combination of convolutions and fully-
connected layers (Fig.  5), a larger field increases the size of the flat-
tened layer and thereby the number of trainable parameters. This will 
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require more training iterations. Experiment 3 showed that the number 
of found weeds only dropped at a very low prior knowledge quality 
(and thus very low resolutions), which indicates that the resolution 
of the prior knowledge may be low. Therefore, larger fields can be 
used with the same number of trainable parameters by applying a 
larger down-sampling factor (increasing 𝑔global), or by incorporating 
prior knowledge in a different way.

Prior knowledge of field boundaries: field boundaries are static 
and available on forehand. In this work, we limited the experiments to 
squared fields. Although not specifically tested, applying the learned 
search policy in non-squared fields can be achieved by changing the 
field-area map, containing information on whether the cell is inside or 
outside the field. Additionally, obstacles within the field, such as trees, 
can be avoided by mapping them as non-field areas. As the violation of 
the field-area map results in a negative reward, it is very likely that the 
RL agent will learn to deal with it. Work of Theile et al. (2021) showed 
that an RL-learned policy with a comparable architecture is able to 
avoid buildings in a city when visiting specific locations using drones 
by encoding these positions in a no-fly-zone, which is in principle 
comparable with our field-area map.

A decently trained detection network: due to factors such as 
variation in the natural environment and motion blur, the output of 
an object detection network contains errors. The results of experiment 
2 showed that the RL agent is robust to these errors in the object detec-
tion. Hence, the detection network does not have to be very accurate. 
Even when the detection network generates a lot of false positives, the 
RL policy was able to find most of the true positives. Typical object 
detection performance in agriculture lies around 0.7–0.9 F1-score (Rai 
et al., 2023; Ruigrok et al., 2023; Rehman et al., 2024). This roughly 
corresponds with level ‘high’ in experiment 2, which indicates that the 
RL agent can deal with input from a real field. Experiment 5 confirmed 
this by finding most of the weeds in the real-world datasets using the 
RL agent in combination with a real object detection network.

Some prior knowledge of location of objects: although some level 
of prior knowledge is required, it does not need to be very detailed. 
Experiment 3 showed that the prior knowledge did not need to be 
very detailed or very accurate, however, some prior knowledge was 
still required. In practice, this prior knowledge can be created by, 
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for example, using the detections from a few higher altitude images 
(as done in experiment 5), data from previous flights, or other data 
sources such as satellite images. For many agricultural tasks, like 
weed detection and disease detection, such rough prior knowledge is 
available. For instance, the location of many weeds may be predicted 
by previous years’ location (Colbach et al., 2000), and spread very 
locally. Information from the previous year can then be used as prior 
knowledge.

The above analysis indicates that all the underlying assumptions of 
the abstracted RL agent and simulation environment are not problem-
atic for a real-world application of an RL learned search policy. Future 
research should focus on applying the DQN policy on a real drone to 
check the influence of the drone’s positional and attitude errors on the 
execution of the task. Especially in use-cases where the target objects 
are distributed non-uniformly in the field and when it is not crucial to 
find all objects, there is much to gain when specifically searching for 
objects instead of flying over and covering the whole field.

5. Conclusion

In this study, we showed that a learned search policy can in-
crease the efficiency of finding weeds using a UAV, particularly when 
there was some prior knowledge available. When the weeds were 
non-uniformly distributed, the learned search policy outperformed the 
baseline row-by-row flight path. The learned policy was robust against 
errors in the detection, and different qualities in prior knowledge only 
had a minor influence on the number of weeds found. In addition, the 
RL agent was able to learn when the search task had to be terminated 
and when it was not profitable to continue searching. Finally, we 
demonstrated the transferability of the learned policy to real-world 
data, achieving a 66% shorter flight path compared to a row-by-row 
flight path at the cost of a 10% lower percentage of found weeds.

The major assumptions beneath the presented approach have lim-
ited impact on application in real-world agricultural search tasks. For 
tasks that meet the assumptions as discussed in Section 4.6, the method 
is expected to be applicable.

In conclusion, learning a search policy improves the efficiency of 
a search task for UAVs for applications where the target objects, such 
as weeds, are non-uniformly distributed and when there is some level 
of prior knowledge. Learning to search these objects in the absence 
of prior knowledge and evaluation of the RL policy on a real drone 
remains a topic for future work.
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