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Abstract
An optimal solution to the localization problem is essential for developing
autonomous robotic systems. Apart from autonomous vehicles, precision agri-
culture is one of the fields that can benefit most from these systems. Although
LiDAR place recognition is a widely used technique in recent years to achieve
accurate localization, it is mostly used in urban settings. However, the lack of
distinctive features and the unstructured nature of agricultural environments
make place recognition challenging. This work presents a comprehensive review
of state-of-the-art the latest deep learning applications for agricultural envi-
ronments and LPR techniques. We focus on the challenges that arise in these
environments. We analyze the existing approaches, datasets, and metrics used
to evaluate LPR system performance and discuss the limitations and future
directions of research in this field. This is the first survey that focuses on LiDAR-
based localization in agricultural settings, with the aim of providing a thorough
understanding and fostering further research in this specialized domain.
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1 Introduction
The increasing global population has led to a connected rise in the demand for food
production. In order to address this growing demand, the agricultural sector is increas-
ingly turning to technological advancements and automation to enhance efficiency and
productivity. Additionally, the rising average age of the agricultural workforce is a
contributing factor to the demand for automation [1]. The integration of autonomous
robotic systems into agricultural practices could induce a paradigm shift within the
field, transforming the landscape of agriculture in the following ways: firstly, the imple-
mentation of such systems could lead to a reduction in labor costs; secondly, there is
the possibility of increasing crop yields; and thirdly, the environmental impact could be
minimized [2, 3]. However, for these systems to operate effectively, they must possess
the capability to accurately localize themselves within their environment.

Place recognition approaches have been extensively utilized in the domain of
robotics to achieve precise localization. These techniques entail the robot’s ability
to recognize previously visited locations based on sensory data, thereby determin-
ing its position within a map [4, 5]. Light Detection and Ranging (LiDAR) sensors
are frequently employed for place recognition due to their capacity to provide pre-
cise three-dimensional information about the environment. Furthermore, while vision
solutions have historically dominated the field, LiDAR sensors have demonstrated
enhanced resilience to variations in lighting and weather conditions [6].

The performance of LiDAR place recognition (LPR) is highly dependent on
the characteristics of the environment. A significant number of recent approaches
emphasize the use of urban datasets for the training of Deep Learning (DL) mod-
els [7]. However, these models may not always exhibit optimal generalizability when
applied to agricultural environments. The presence of characteristic elements, such
as buildings, roads, and vehicles, in urban environments can be readily identified
by sophisticated algorithms. Conversely, agricultural environments frequently exhibit
characteristics that are unstructured and void of distinctive features, thereby compro-
missing the efficacy of place recognition algorithms in accurately identifying locations
[8].

This survey addresses agricultural environments as an emerging field for LPR,
providing comprehensive review of the state-of-the-art (SOTA), with a special focus
on the challenges that arise in agricultural environments. Prior to that, we delve into
the evolution of agricultural applications with DL approaches, with a focus on the
recent advances and needs within the localization problem.

The contributions of this work are as follows:

� A comprehensive review of the SOTA in LPR, concentrating on actual challenges
within agricultural settings.

� An analysis of the different existing approaches, datasets and metrics used to
evaluate the performance of localization approaches in agricultural scenarios.

� A discussion of the limitations and future directions for research in this field.
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1.1 Scope of the survey
The present survey focuses on the use of LiDAR for place recognition in agricultural
environments. While numerous surveys on place recognition in urban environments
already exist, there is a lack of comprehensive reviews that specifically address the
challenges and solutions for agricultural settings. The objective of this survey is to
bridge this knowledge gap by offering a comprehensive analysis of the SOTA in DL
applications in agricultural environments, with a particular focus on the LPR prob-
lem. In this study, particular emphasis is placed on methodologies employed from 2020
onward, as the field has witnessed substantial advancements in recent years, partic-
ularly with the emergence of DL techniques. In addition, relevant works from earlier
years have been included to provide context and background for the current SOTA.

1.2 Organization of the survey
The remainder of the survey is structured as follows. Section 2 explores the main appli-
cations of DL in these settings over the past several years. A thorough examination
of the existing DL solutions for localization problems, such as place recognition and
SLAM, in agricultural environments is presented in Section 3. This section encom-
passes both vision-based and LiDAR-based methodologies. In addition, this section
provides a detailed discussion of the specific challenges that arise in agricultural envi-
ronments for localization. In Section 4 the genesis and significance of the LPR problem
are examined through a comprehensive lens. Section 5 reviews the existing datasets
collected in agricultural settings. These datasets are examined in terms of their tra-
ditional use in detection and segmentation. As outlined in Section 6, the evaluation
metrics employed to assess the performance of LPR algorithms are discussed. Finally,
the concluding Section 7, presents a thorough summary of the research findings and
envisages several key insights for future studies in this field.

2 Agricultural deep learning applications
The application of DL in agricultural environments has expanded rapidly in recent
years. While traditional computer vision methods often struggle with the variability of
outdoor settings, supervised and unsupervised DL models have demonstrated remark-
able performance in core perception tasks, such as semantic segmentation, object
detection, crop classification, and fruit counting.

However, deploying a localization DL model in real-world agricultural scenar-
ios remains non-trivial compared to structured industrial or urban environments.
Agricultural settings are characterized by high unstructuredness, severe occlusions,
variable lighting conditions, and seasonal appearance changes [9, 10]. These factors
demand robust architectures capable of generalizing across different crop stages and
environmental conditions.

In this section, we review the primary applications of DL in agriculture, catego-
rizing them by their specific utility. We analyze how SOTA approaches address the
unique unstructured nature of these environments to achieve reliable perception.
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2.1 Fields of application
According to the European Commission, the average age of farmers in the European
Union (EU) is 57 years, with only 12% of farmers under the age of 40. This suggests
that the agricultural sector is experiencing a shortage of labor [11]. The integration of
robotics within agricultural settings is driven by the objective of enhancing efficiency,
mitigating labor expenses, and augmenting crop yields [12]. These agricultural robots
have the capacity to execute tasks such as planting, harvesting, and crop monitoring
with a high degree of precision. To do so, a reliable sensor suite is imperative for the
successful operation of these robotic systems. In this section, we will examine several
primary applications of DL techniques in agricultural environments, with a particular
emphasis on the past five years.

2.1.1 Precision agriculture

The prevision of food needs is a problem that has been studied for centuries as it is
a key aspect in the preservation of the human species [13]. Following current trends,
the constant growth of the human population requires an increase in food production
and precision agriculture can help to achieve this goal by improving the efficiency of
farming practices [14, 15]. The United Nation’s world population prospects points out
that the population will reach 8.6 billion people by 2030 [16]. Precision agriculture
consists on the use of technology to optimize crop production and reduce waste. This
is crucial in a context where climate change challenges agriculture and food security
must be ensured to a larger population [17]. Accurate localization sustained by reliable
sensing sources is crucial for precision agriculture, as it allows farmers to precisely
apply fertilizers, pesticides, and other inputs to specific areas of the field [18]. Figure 1
depicts the evolution on trends related to precision agriculture in a schema proposed
by Karunathilake et al. [19].

Unmaned aerial vehicles (UAVs) provide high utility in precision agriculture, as
they can be used to monitor crop health, identify areas of stress, and optimize irri-
gation. UAVs are more economic than manned aircrafts, and provide higher quality
images with respect to satellites [20–22]. UAV-based remote sensing for precision
agriculture has a wide variaty of benefits, such as improved yield prediction, disease
detection, and resource management [23]. In what regards to real-world applications,
in [24], the authors propose an Internet-of-Things (IoT) UAV-based system for preci-
sion agriculture, focused on solving accurately the path planning problem in order to
achieve optimal coverage of the field. In [25], a solution to the path planning problem
for UAVs in precision agriculture is proposed, using a genetic algorithm approach to
optimize the coverage of the field by a heterogeneous group of UAV vehicles.

Precision agriculture benefits from robust DL networks that accurately detect and
classify the crops [26, 27]. These networks can be trained on large datasets of agricul-
tural images, making them able to learn the unique characteristics of different crops
and identify them with high accuracy. Reviews such as [28] analyze the performance
of different DL architectures for crop detection and classification, highlighting the
strengths and weaknesses of each approach. The importance of IoT applications is
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Fig. 1: Evolution of trends related to precision agriculture. Source: Karunathilake et
al. [19].

also highlighted, as they can provide real-time data on crop health and environmental
conditions, allowing farmers to make informed decisions about their farming practices.

2.1.2 Autonomous agricultural vehicles

With a robust solution to the localization problem, several applications can be
unlocked in the agricultural field [29–31]. One of the main applications is on
autonomous agricultural vehicles, such as tractors and harvesters [32]. An autonomous
agricultural vehicle can perform a variety of tasks, including planting, fertilizing,
pruning [33, 34], hill farming [35], and harvesting [36–38]. In orchard environments,
autonomous robots can also be useful in order to transport operators performing tree
maintenance, as earlier studies from 2015 [39]. In order for an autonomous agricul-
tural vehicle to operate efficiently, it needs an optimal sensor setup that allows it
to perceive the environment accurately [40] and a robust solution to the localization
problem [41]. LPR can help these vehicles to recognize previously visited locations
and navigate the field more efficiently. Figure 2 shows an example of an autonomous
agricultural vehicle operating in a vineyard environment.

A reliable path planning solution is crucial for the correct functioning of an
autonomous agricultural vehicle [42, 43]. DeepWay [44] is an example of a DL approach
that predicts waypoints in vineyard settings for global path generation taking an
occupancy grid of the vineyard as an input. By accurately localizing itself within
the field, the vehicle can optimize its path and reduce overlap, leading to more effi-
cient operations and reduced fuel consumption [45]. As an extension to the DeepWay
method, Salvetti et al. [46] propose a DL method that clusters waypoints and vine-
yard rows using a contrastive loss function. The method improves the accuracy of
visual SLAM systems in vineyard environments by leveraging the unique structure of

5



rows and waypoints. Through experiments on synthetic data, the authors demonstrate
the effectiveness of their approach, showing that their method can accurately clas-
sify waypoints. In [47], the authors pioneered a motion planning solution in vineyard
environments, leveraging depth maps and convolutional neural networks (CNNs). The
method uses depth maps derived from stereo vision to capture the 3D structure of the
environment and identify the end of the vineyard rows. In [48], Liu et al. present a
solution for the autonomous navigation problem, solving the path planning problem
from the data captured by a vision sensor. In order to achieve a robust solution, the
authors use segmentation to identify the traversable zones of the environment from
the heatmap of an RGB-D image.

Fig. 2: Autonomous agricultural vehicle operating in a orchard environment. Source:
Washinton State University [49].

2.1.3 Crop monitoring

Crop monitoring involves the continuous observation of plant growth, health, and pro-
ductivity over time, often through remote sensing or autonomous field robots [50].
This task is of high importance in order to ensure food security and sustainable agri-
cultural practices, as well as avoiding speculation in food prices [51, 52]. Later trends
apply DL techniques to crop monitoring, enabling more accurate and efficient assess-
ments [53, 54]. In [55], the authors present a comprehensive review of remote sensing
techniques for crop monitoring, discussing the challenges and opportunities in this
field. The review covers various aspects of remote sensing for crop monitoring, includ-
ing data acquisition, processing, and analysis. The authors also discuss the potential
benefits of remote sensing for crop monitoring, such as improved yield prediction,
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disease detection, and resource management [56]. However, while [55] provides a high-
level overview of remote sensing for monitoring purposes, it does not delve into the
algorithmic challenges of spatial awareness. Our work complements this by focus-
ing specifically on LPR, a critical yet often overlooked component for autonomous
navigation in complex agricultural rows where traditional GPS or visual data may fail.

While primarily focused on assessing crop status, these activities are closely related
to localization. Variations in crop height, density, and spectral appearance throughout
the growing season introduce substantial temporal changes that can affect localiza-
tion performance. For example, navigation systems relying on visual or geometric
cues may face difficulties when the vegetation canopy evolves, occluding landmarks
or altering the perceived structure of the environment [57]. In order to provide a solu-
tion to the inspection and monitoring of crops using DL techniques methods such as
QSeedNet [58] or PTL-Inception [59] have been proposed. The use of DL techniques
has been demonstrated to facilitate more precise and expeditious assessments of crop
health and growth. This subject has been extensively examined in recent literature,
as evidenced by the numerous reviews conducted on the subject [60–62]. While these
reviews excel at summarizing the SOTA in crop trait analysis, the operational chal-
lenge of consistently localizing a platform within those crops remains a separate and
complex problem. This study complements the existing literature by providing a spe-
cialized review of LPR, a task that differs significantly from health assessment in
terms of data geometry, feature extraction, and temporal consistency.

Applying clustering algorithms to these unstructured environments is an effective
solution in order to classify distinct regions of interest. In [63], the authors present an
online machine learning-based sensors clustering system for efficient and cost-effective
environmental monitoring in controlled environment agriculture. This method uses
clustering techniques to group similar sensor readings, enabling more efficient data
processing and analysis. In the solution proposed by Swain et al. [54], the authors
propose an unsupervised clustering approach for crop and weed identification in agri-
cultural fields using LiDAR data. The method uses a combination of geometric and
spectral features to cluster the point cloud data into different classes, which facilitates
accurate identification of crops and weeds.

In [64], BonnBot is presented, an autonomous field robot designed for crop mon-
itoring tasks in agricultural environments. The robot is equipped with a variety of
sensors, including LiDAR, cameras, and GPS, to enable accurate localization and nav-
igation within the field. BonnBot is capable of performing a range of crop monitoring
tasks, including plant height measurement, leaf area index estimation, and disease
detection. The authors demonstrate the effectiveness of BonnBot through field exper-
iments, showing that it can accurately localize itself within the field and perform crop
monitoring tasks with high accuracy.

2.1.4 Phenotyping

Phenotyping refers to the process of measuring and analyzing observable traits of
plants, such as growth rate, stress, yield, and resistance to pests and diseases [65].
This information is crucial for plant breeding programs, as it allows researchers to
identify desirable traits and develop new crop varieties that are better suited to specific
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environments [66–68]. Recent sensing technologies have improved the accuracy and
efficiency of phenotyping, enabling high-throughput data collection and analysis [69].

Multi-temporal registration of LiDAR data is utilized in [70] to track plant growth
and deformation over several months. By aligning different crop states, this approach
enables a precise longitudinal analysis of phenotypic traits. The effectiveness of the
method was validated using real-world datasets of maize and tomato, achieving high
accuracy in complex registration tasks. The data used for the aforementioned exper-
iments is published under the Pheno4D dataset [71]. Figure 3 shows an example of
the phenotyping process using LiDAR data from the Pheno4D dataset.

Fig. 3: Example of 4D registration in the 3D phenotyping method proposed in [70]
using LiDAR data from the Pheno4D dataset [71].

To facilitate phenotyping tasks in outdoor environments, Zenkl et al. [72] leverage
deep learning—specifically a ResNet-based backbone—to segment plants and extract
accurate phenotypic traits from images. A similar goal is shared by the Maize-IAS
software [73], which is tailored for maize plants and automates the extraction of height,
leaf area, and biomass through computer vision. While these image-based approaches
provide high accuracy for trait analysis, they primarily treat the plant as a static
object of study. In contrast, our survey focuses on the geometric understanding of
these same environments through LiDAR, shifting the objective from measuring the
plant to recognizing the robot’s location within the crop rows.

8



2.1.5 Pruning and spraying

Pruning and spraying are routine agricultural operations that introduce significant
variability in the environment, posing challenges for reliable localization and mapping
[33, 74]. Pruning modifies the geometry and appearance of vegetation by remov-
ing branches and leaves, which alters canopy density and shape. Such structural
changes can disrupt the consistency of spatial features used by localization systems,
particularly those relying on visual or geometric cues for map matching [75].

Fig. 4: Autonomous pruning robot operating in a vineyard environment proposed by
Williams et al. [76].

Spraying operations, on the other hand, affect environmental perception more tran-
siently. The presence of mist, droplets, or wet surfaces can interfere with both optical
and LiDAR-based sensing, leading to reflections, occlusions, or altered radiometric
responses. Additionally, spraying schedules are often seasonal, introducing recurring
but short-lived changes in the sensory data [77–79].

In [80] a spraying robot for tobacco fields is proposed. Figure 5 shows an image of
the proposed spraying robot. The robot is equipped with a variety of sensors, including
a camera to accurately localize itself within the field and navigate between rows of
crops. The robot is capable of performing spraying tasks with high accuracy, reducing
the amount of pesticide used and minimizing environmental impact.

Together, pruning and spraying contribute to temporal variability that reduces
the reliability of appearance-based localization and map maintenance in agricultural
environments. Addressing these challenges requires robust representations capable of
handling dynamic vegetation structures and changing surface properties throughout
the cultivation cycle.
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Fig. 5: Autonomous spraying robot operating in a tobacco field proposed by Nasir et
al. [80].

3 Localization in agricultural settings
Historically, artificial intelligence (AI) research in agricultural environments has pre-
dominantly focused on crop monitoring, segmentation, and classification tasks [81, 82].
This trend is evident in studies ranging from subterranean analysis, such as the multi-
stacking ensemble learning for soil classification proposed by Padmapriya et al. [83],
to aerial assessments like the UAV-based vineyard segmentation studied by Barros et
al. [84]. While these works are essential for holistic farm management, they primar-
ily rely on spectral or chemical data to describe "what" is in the field. Consequently,
the "where"—specifically the problem of spatial awareness and place recognition—has
remained comparatively under-explored.

In order to specifically address this type of environments in localization problems,
several DL solutions have been released targeting agricultural settings. In this section,
we review the existing DL solutions for localization problems (place recognition and
SLAM) in agricultural environments. We divide the methods into two main cate-
gories: vision-based methods and LiDAR-based methods. Furthermore, we also review
methods that incorporate semantic information to improve localization performance.
Finally, we comment on the specific challenges that arise in agricultural environments
for localization tasks.

3.1 Vision-based methods
Focusing on visual descriptors, Tanco et al. [85] developed a self-supervised CNN
approach to extract robust features in agricultural terrains. Their method, which
includes a modified MobileNet [86] for semantic classification, improves visual SLAM
performance by adapting keypoint detection to the specific geometry of vineyards.
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Experimental results from datasets in Northern Italy underscore the effectiveness of
this adaptive feature extraction for long-term navigation.

We find a variaty of agricultural SLAM methods as this problem is widely stud-
ied as a standard in robotic localization [8, 87]. For example, Agri-SLAM [88], a
stereo visual SLAM system specifically designed for agricultural environments, con-
cretely tested on a macadamia field. The method introduces a local point and line
features recovery technique and combines it with inertial measurements to achieve
accurate localization in challenging agricultural settings. In [89], the authors evalu-
ate the performance of monocular visual SLAM in dynamic agricultural environments
for the first time, as previous studies focus only on stereo cameras. The study high-
lights the challenges posed by moving vegetation and changing lighting conditions,
and proposes strategies to improve SLAM robustness in such settings. The mask ORB
label optimization SLAM (MOLO-SLAM) method [90] is another visual simultane-
ous localization and mapping (VSLAM) system specifically designed for of detecting
and eliminating dynamic objects in outdoor forest and tea garden agricultural sce-
narios. This method combines ORBSLAM2 [91] with the Mask-RCNN (region-based
convolutional neural network) instance segmentation algorithm to identify and mask
dynamic objects in the environment, improving the accuracy of localization and map-
ping in these challenging settings. Xu et al. [92] propose a robust visual-inertial SLAM
algorithm which is based on point-lines features detected on the input stereo images.
This visual features are matched to perform a keypoint selection and, subsequently,
the pose is stimated using a sliding window algorithm.

3.2 LiDAR-based methods
ORCHNet [93] is a DL application that focuses on LPR in orchards. It proposes a
new feature aggregation method for global descriptors that can be applied to dif-
ferent backbones. This proposed method for orchard environments have reported
more than 90% of Recall@1% on same-season scenarios. However, the Recall@1 value
remains lower, with values around 50%. On a similar note, TriLoc-NetVLAD [94] is
another DL approach that enhances long-term place recognition in vineyards using
a novel LiDAR-based method. The final approach integrates a handcrafted spatial
context descriptor, which is derived from the density, height, and intensity of the
point cloud, with a channel selection strategy that prioritizes the most successful lay-
ers of the backbone. These layers are more robust to face the unstructured nature of
vineyards. This method was tested both against same season and cross season cases,
with Recall@1 values of 75% and 55%, respectively. Similarly, SPVSoAP3D [9] is a
recent method that introduces a novel 3D point cloud representation called Spher-
ical Projection Voxelization (SPV) for LPR in agricultural environments. The local
features of the point cloud are aggregated following a Second-Order Average Pooling
(SoAP) strategy. In contrast to this, Barros et al. also proposed PointNetPGAP-SLC
[95], which is another LiDAR-based DL method that focuses on place recognition in
orchards. It was developed by the same authors of SPVSoAP3D, which follows a sim-
ilar pipeline. PointNet [96] functions as the foundational framework for the extraction
of local features from point clouds. These features are then aggregated through the
implementation of a novel Pairwise Feature Interactions and Global Average Pooling
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(PGAP) algorithm, thereby yielding a global descriptor. The method also incorpo-
rates a Segment-Level Consistency model (SLC) to enhance the robustness of the place
recognition process. This additional signal, which is taken into account along with the
LazyTriplet loss function, considers the row or waypoint each point is located in. This
method achieves higher Recall@1 values of 75%, but was also only tested on similar
seasonal campaigns. A significant advancement in orchard-specific navigation is the
handcrafted LiDAR-based loop detection method introduced by Ou et al. [97]. Their
approach achieves robust place recognition by encoding point clouds into a Spatial
Binary Pattern (SBP), followed by an entropy-based attention reweighting strategy.
Although this method demonstrates SOTA performance in large-scale orchards and
the KITTI dataset, it represents a specific handcrafted lineage within the field. The
most recent LPR DL method MinkUNeXt-VINE [98] focuses on achieving robust
performance with low-cost, low-resolution inputs. It simplifies the architecture of its
parent method, MinkUNeXt [99], and emphasizes on encoding repetitive environments
with lower-dimensional global descriptors. Additionally, it uses a Matryoshka Repre-
sentation Learning (MRL) [100] loss function for processing different dimensionalities
of the global descriptor and enhance efficiency. This approach achieves nearly 70%
of Recall@1 with a Livox sensor. The metrics reported by these methods tested in
agricultural settings are commented in depth in Section 6.

In the context of SLAM methodologies, Aguiar et al. [101] propose VineSLAM,
a LiDAR-based SLAM system that is specifically designed for agricultural environ-
ments. The method uses point-feature extraction and semiplanes segmentation to
generate a comprehensive map of the environment. Subsequently, the information
is integrated into a particle filter, thereby facilitating precise localization. Fei and
Vougioukas [102] present the concept of row templates. These templates are derived
from point cloud data, with the associated ground truth values serving as a reference
point. These values represent the anticipated measurement values of the sensor (voxel
occupancy frequency) in a three-dimensional grid configuration, under the assump-
tion that the sensor is precisely placed at the centerline of the row, with no lateral
or heading errors present. Subsequently, the localization process is executed through
the use of a conventional Monte Carlo approach. The SG-ISBP framework [103] is
another LiDAR-based SLAM system that incorporates the density of the point cloud
in distinct voxel-defined regions. Specifically, the method involves the integration of
the inertial measurement unit (IMU) and a de-skewed version of the point cloud with
ground-assisted odometry values to form an improved spatial binary pattern (ISBP)
handcrafted loop closing algorithm. This methodology for closing general loops can
be applied to distinct localization applications, such as place recognition or SLAM, in
isolation. In Purdue-AgSLAM (P-AgSLAM) [104], the authors present LiDAR SLAM
system specifically designed for robot pose estimation and agricultural monitoring in
maize fields. This SLAM approach is designed to address the unique morphological
features of maize fields using LiDAR technology, combining a feature extraction mech-
anism with an Extended Kalman Filter (EKF) fusion of the input orientation sources
(wheel odometry and IMU). The P-AgSLAM system is integrated in the Purdue Ag-
Bot (P-AgBot) robotic setup, which is equipped with a monocular camera, two 3D
LiDAR (Velodyne VLP-16), a GPS system and an IMU.
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3.3 Semantic information
Methods that incorporate semantic information have been suggested as a way to
overcome the challenges posed by agricultural environments. One of such methods
is Keypoint Semantic Integration (KSI) [105],which integrates semantic information
into the keypoint selection process for LPR in outdoor agricultural environments. KSI
enriches keypoints with semantic labels, thereby improving the robustness of place
recognition algorithms to environmental changes while accounting for the few distinc-
tive features in these environments, such as pipes, poles, and trunks. The presented
results demonstrate improved performance on various descriptors and sequences for
place recognition and SLAM metrics. In Papadimitriou et al. [106], the authors pro-
pose a method that applies semantic segmentation of grape vines. This method uses
a Mask-RCNN DL approach and uses the trunks as a reference for localizing vine-
yards. The method’s output is combined with a traditional Graph-SLAM localization
algorithm to improve localization accuracy.

Other approaches such as [107] have proposed novel particle filter-based local-
ization methods that incorporate semantic information to enhance the robustness
of the methods in agricultural environments. By leveraging semantic information,
these methods can more effectively address the challenges posed by unstructured and
dynamic agricultural settings. This method uses semantic information to enhance
the particle filter likelihood estimation process. The proposed approach integrates
semantic labels into the localization framework, enhancing the robustness and accu-
racy of SLAM in agricultural environments where traditional methods may encounter
challenges due to the absence of distinctive features and dynamic changes in the
environment.

As a summary, Table 1 presents the commented localization methods designed
within an agricultural context. This table includes the method name, type of sensor
took as an input, year of publication, the approach followed (wether it is a place
recognition or a SLAM method), and key features of each approach.
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Table 1: Summary of the main localization methods specifically designed for agricultural environments.

Type Method Year Approach Base architecture

Vision

Shu et al. [89] 2021 SLAM ORB-SLAM2 [91]
Papadimitriou et al. [106] 2022 SLAM Mask R-CNN + Graph-SLAM

Agri-SLAM [88] 2023 SLAM Pose graph optimization (PGO)
Xu et al. [92] 2024 SLAM Sliding window
Lv et al. [90] 2024 SLAM Mask-RCNN

KSI [105] 2025 Localization YOLO + SuperGlue (matching)

LiDAR

VineSLAM [101] 2022 SLAM Particle filter
Fei and Vougioukas [102] 2022 SLAM Monte Carlo

ORCHNet [93] 2023 PR Global feature aggregation
Ou et al. [97] 2023 PR Attention score map + Spatial Binary Pattern

TriLoc-NetVLAD [94] 2024 PR CNN + NetVLAD
SPVSoAP3D [9] 2024 PR Spherical Projection Voxelization representation and Second Order Average Pooling

PointNetPGAP-SLC [95] 2024 PR Pairwise Feature Interactions and Segment-Level Consistency
SG-ISBP [103] 2024 PR & SLAM Improved Spatial Binary Pattern

P-AgSLAM [104] 2024 SLAM Feature Matching + Extended Kalman Filter
De et al. [107] 2025 SLAM Semantics + Particle Filter Likelihood Estimation
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3.4 Specific challenges
While urban environments are characterized by distinct and stable features such as
buildings and roads, agricultural environments present unique challenges due to their
unstructured and dynamic nature. Table 2 summarizes the main differences between
urban and agricultural environments. These differences pose significant challenges
for LPR algorithms, which must be able to adapt to the specific characteristics of
agricultural settings.

Table 2: Comparison between urban and agricultural environments for LPR.

Aspect Urban Environments Agricultural Environments

Distinctive features Presence of buildings, roads Lack of distinctive features;
similar-looking plants

Repetitive patterns Less common; unique structures Common; rows of crops or trees

Seasonal changes Less pronounced; stable structures Significant changes;
vegetation growth and decay

Environmental variability More structured and predictable Unstructured and dynamic

3.4.1 Lack of distinctive features

Agricultural environments often lack distinctive features that can be easily recognized
by place recognition algorithms. For example, in a field of crops, the plants may look
similar and lack unique characteristics that can be used for recognition. This can lead
to confusion and misidentification of locations.

3.4.2 Repetitive patterns

Agricultural environments often contain repetitive patterns, such as rows of crops
or trees, which can make it difficult for place recognition algorithms to distinguish
between different locations. This can lead to false positives, where the algorithm
incorrectly identifies a location as being the same as another location.

Figure 7 shows an example of repetitive patterns in an orchard environment. The
rows of trees create a repetitive pattern that can be challenging for place recognition
algorithms to accurately identify locations.

3.4.3 Seasonal changes

Agricultural environments are subject to seasonal changes, which can significantly
alter the appearance of the environment. For example, a field of crops may look very
different in the summer compared to the winter, when it loses all of the leaves. This can
make it challenging for place recognition algorithms to accurately identify locations,
as the features used for recognition may no longer be present. Even to an external
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Fig. 6: Example of lack of distinctive features in an orchard environment. The plants
look identic and lack unique characteristics that can be used for recognition. Image
taken from the MAgro dataset [10].

Fig. 7: Example of repetitive patterns in a vineyard environment. The rows create
a repetitive pattern that can be challenging for place recognition algorithms to accu-
rately identify locations. Image obtained from the BLT dataset [108].

observator, the place may look completely different depending on the season. Figure 8
shows an example of seasonal changes in a vineyard environment (the TEMPO-VINE
dataset). It illustrates how the same location can appear drastically different between
winter and summer seasons, posing a significant challenge for LPR systems.
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(a) Winter season (b) Summer season

Fig. 8: Example of seasonal changes from a same location in a pergola-type vineyard
environment extracted from the TEMPO-VINE dataset. (a) Winter season with bare
vines. (b) Summer season with abundant vegetation covering the robot.

3.4.4 Irregular terrain

In contrast to urban environments, agricultural settings are characterized by irregu-
lar terrain, a factor that can introduce navigational challenges for robotic systems.
The presence of variations in elevation, uneven ground surfaces, and the existence of
natural obstacles, such as rocks or ditches, can collectively contribute to a more com-
plex scenario for the implementation of path planning applications. The odometry of
robots operating in such environments, where the terrain may be slippery or unsta-
ble, can be adversely affected, leading to inaccuracies in position estimation. These
irregularities can result in deviations from the intended path, thereby complicating
the localization process.

3.4.5 Geo-referencing difficulties

Agricultural environments frequently present challenges for geo-referencing due to the
absence of reliable GPS signals. The obstruction of satellite signals by factors such
as dense vegetation or the presence of large structures, such as barns or silos, can be
attributed to multipath effects. Consequently, obtaining a reliable ground truth for
localization can be challenging in such environments.

4 The LiDAR Place Recognition problem
LPR constitutes a crucial component of long-term localization and mapping systems
in autonomous robotics. The objective is to determine whether a 3D LiDAR scan cor-
responds to a previously visited location, enabling loop closure detection and global
position correction. Compared to vision-based approaches, LiDAR offers high geo-
metric accuracy and invariance to lighting and appearance changes, which is essential
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for operation under varying environmental conditions. Nevertheless, the unstruc-
tured nature of point clouds and the presence of dynamic or seasonal changes make
the extraction of robust and distinctive representations a challenging task. Recent
advances in DL have significantly improved LiDAR-based place recognition by learn-
ing compact and invariant descriptors capable of generalizing across different scenes
and sensor configurations [109–111].

Figure 9 shows a typical LPR pipeline. The input point cloud can be first prepro-
cessed to remove noise and outliers or in order to select a region of interest, and then
a feature extraction network is used to extract local features from the point cloud.
These local features are then aggregated into a global descriptor using a feature aggre-
gation method. Finally, the global descriptor is compared to a database of previously
stored descriptors to recognize the place. This resulting descriptor can then be used
for localization within a pre-built map of the environment or for other applications,
such as clustering of the environment.

Fig. 9: Diagram of a typical LPR pipeline. For each point cloud, a global descriptor
is generated. This descriptor can then be used for place recognition by comparing it
to a database of previously stored descriptors.

4.1 The place recognition problem
Neuroscience has studied the ability of animals to recognize places for decades. Early
studies from the decade of 1940 introduce the concept of cognitive map. A cognitive
map is a mental representation of the environment that permits animals to navi-
gate and recognize places. Studies such as those from Tolman in 1948 [112] laid the
groundwork for understanding how animals navigate their environment using cogni-
tive maps. In this study, Tolman demonstrated that rats could learn to navigate a
maze by forming a mental representation of the environment, rather than simply mem-
orizing a sequence of movements. This finding challenged the prevailing behaviorist
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view of learning and paved the way for further research into the neural mechanisms
underlying spatial cognition.

While earlier studies discovered and analyzed cognitive maps in animal behavior,
it was not until the 1970s that the neural basis of this ability was discovered. The dis-
covery of place cells in the hippocampus of rats by O’Keefe and Dostrovsky in 1971
[113] represented a significant breakthrough in understanding how animals navigate
their environment. Place cells are neurons that become active when an animal is in
a specific location, suggesting that they play a crucial role in spatial memory and
navigation. These findings have been extended to other species, including humans,
and they have also led to a deeper understanding of the neural mechanisms under-
lying spatial cognition. The study of place cells has also inspired the development of
computational models for place recognition in robotics and AI.

On the human behaviour side, studies starting from the decade of 1970 ana-
lyzed how humans form mental representations of their environment and use them to
navigate [114]. Other studies have been adding information to the place recognition
problem from the human neuroscientific and geographical behavioural perspectives in
the following decades [115]. All of these studies showed that humans rely on a vari-
ety of cues, including landmarks, spatial relationships, and environmental features, to
create cognitive maps of their surroundings.

4.2 LiDAR Deep Learning methods
The objective of using trainable methods to find a solution problem is to learn the
embeddings of the input data, in this case, point clouds, into a lower-dimensional space
where similar places are closer together. This is typically achieved using deep neural
networks, which can learn complex representations of the input data. Deep learning
methods can be supervised or unsupervised. Supervised methods require a labeled
dataset, where each point cloud is associated with a specific location. The network is
trained to minimize the distance between the embeddings of point clouds from the
same location and maximize the distance between embeddings from different locations.
Unsupervised methods, on the other hand, do not require labeled data and instead
they rely on techniques such as clustering or autoencoders to learn the embeddings.

PointNetVLAD [116] is one of the most popular DL methods for LPR. It combines
the PointNet architecture [96] for feature extraction with the NetVLAD layer [117]
for feature aggregation. The PointNet architecture is designed to handle unordered
point clouds and can it learn local features from the input data. The NetVLAD layer
aggregates these local features into a global descriptor that can be used for place
recognition. The network is trained using a triplet loss function, which encourages
the embeddings of point clouds from the same location to be closer together than
those from different locations. This primary approach offers 80% of Recall@1% in
the Oxford Robotcar Dataset [118]. Other popular methods include LPD-Net [119],
which builds upon PointNetVLAD by incorporating local features and a graph-based
feature aggregation method. OverlapNet [120] is a method that uses a Siamese network
architecture to learn the embeddings. The network is trained to predict the overlap
between two point clouds, which can be used for place recognition. MinkLoc3D [121]
is another method that uses sparse 3D convolutions to learn the embeddings. This

19



method is designed to handle large-scale point clouds and can achieve high accuracy
with low computational cost. The authors also proposed MinkLoc3Dv2 [122], which
uses a ranking-based loss function instead of the previously used triplet one along
with structural modifications. These changes improves the recall results with respect
to the previous version of the framework by 3.4%. On a similar note, MinkUNeXt
[99] is a recent method that builds upon MinkLoc3D by incorporating a UNet-like
architecture for feature extraction and a ranking-based loss function. This method has
shown promising results in large-scale outdoor environments, with Recall@1 results
above 90% in several urban datasets.

Recent approaches have also studied the use of additional information, such as
intensity or color, to improve the performance of LPR. For example, the variants
MinkLoc3D-SI [123] and MinkUNeXt-SI [124] have also proved to present superior
results to their original backbones by using the spherical projection of the points and
including the intensity information, with recall improvements of around 5%. Cgis-Net
[125] is another method that incorporates color information into the point cloud data.
This method adds color and geometric features to semantic features, which are then
used to learn the embeddings. Aiming at including semantic information, SegMap
[126] is a method that uses a 3D convolutional neural network to learn the embeddings
of segmented point clouds. The network is trained to predict the semantic labels of
the segments, which can be used for place recognition. Similarly, Coral [127] uses the
bird-eye view (BEV) image fused with vision information that semantically enriches
the output descriptor. Locus [128] is another method that incorporates semantic infor-
mation into the point cloud data. This method uses aggregated high-level semantic
features with low-level geometric features to learn the embeddings, producing a robust
global descriptor.

Novel approaches consider incremental learning techniques to adapt the model to
new environments or conditions without forgetting previously learned information. For
example, InCloud [129] is an incremental learning method that uses a memory buffer
to store previously seen data. The model is updated with new data while retaining
the knowledge from the memory buffer.

4.3 LiDAR handcrafted methods
Handcrafted methods for LPR typically involve the extraction of geometric features
from point clouds, which are then used to create descriptors that can be compared
to recognize places [130]. There are different types of handcrafted descriptors, but
the most prominent ones are signature-based and histogram-based methods. Firstly,
signature-based methods are characterized for encoding the prominent features or
repetitive structures of the pointcloud in a signature. Specifically, signature-based
methods compress the spatial information of a point cloud into distinctive descriptors,
often taking the form of range images, polar projections, or BEV representations. By
doing so, they transform unstructured 3D data into a structured format that facilitates
efficient matching. The most popular signature-based approach is Scan Context [131],
which creates a global descriptor by projecting the point cloud onto a 2D polar grid and
encoding the height information. Several variants of Scan Context has been released.
For example, Intensity Scan Context [132] incorporates intensity information into the
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Scan Context descriptor in order to improve its robustness. Scan Context++ [133],
on the other hand, improves the robustness of the descriptor to rotation and lateral
variations. The results of applying Scan Context to agricultural datasets are presented
in the TEMPO-VINE dataset work [134]. Martini et al. demonstrated that, although
promising performance can be achieved, performance significantly decreases when
seasonal changes are considered, dropping recall values from 90% to 40%.

On the other hand, histogram-based methods are those who encode point clouds
according to a specific characteristic. They characterise distributions of local or global
measurements (distances, normals, curvatures, intensities) as histograms or aggre-
gated statistics. Instances of this type of methods include the Fast Point Feature
Histogram (FPFH) [135], which computes histograms of local geometric features
around each point in the point cloud. The histograms are then aggregated into a global
descriptor that can be used for place recognition. Another example is the Ensemble of
Shape Functions (ESF) [136], which computes a set of shape functions that capture
the global geometry of the point cloud. These shape functions are then integrated into
a global descriptor that can be used for place recognition. In Omni Point [137], the
authors propose a novel histogram-based descriptor that captures the omni-directional
geometry of the point cloud. The method computes histograms of local geometric fea-
tures in multiple directions and aggregates them into a global descriptor that can be
used for place recognition.

4.4 Point cloud preprocessing
Data preprocessing is a crucial step in LPR, as it can significantly impact the
performance of the algorithms. Preprocessing techniques can include filtering, down-
sampling, and normalization of the point cloud data.

Filtering techniques can be used to remove noise and outliers from the point cloud,
which can improve the accuracy of the place recognition algorithms. Another common
filtering approach is to remove the floor points or the points outside a given radius, in
order to take only relevant points into account [138]. Downsampling techniques can
be used to reduce the size of the point cloud, which can improve the computational
efficiency of the algorithms and also reduce the memory footprint. Normalization
techniques can be used to standardize the point cloud data, which can improve the
robustness of the algorithms to changes in scale and orientation.

Another preprocessing technique that has been proved succesful in LPR is the use
of other information presented in the LiDAR data, mainly the intensity value of each
coordinate. The intensity value represents the intensity of the reflected laser beam
and can provide additional information about the surface properties of the scanned
objects. Several works have shown that including this information in the input data
can improve the performance of LPR algorithms [123, 124].

5 Datasets
A variety of datasets have been used to evaluate the performance of LPR algorithms.
However, most of these datasets are collected in urban environments, which may not
be representative of the challenges faced in agricultural settings. In this section, we
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analyze some of the most commonly used datasets for LPR and discuss their relevance
to agricultural environments.

5.1 Transitional datasets
Although many localization datasets are collected in urban environment, some of
these environments include vegeation-rich sections. The KITTI dataset [139] is one of
the most widely used datasets for LPR. It includes a variety of urban environments,
including some sections with vegetation, such as parks and tree-lined streets. However,
the majority of the dataset is collected in urban settings, which may not be represen-
tative of the challenges faced in agricultural environments. While a variaty of different
trajectories has been captured within this dataset, it does not contain long-term infor-
mation, as all the sessions were collected within a scope of 1 month. Another popular
dataset is the Oxford Robotcar Dataset [118], which includes a variety of urban envi-
ronments, including some sections with vegetation. The total extension of the data
captured by this dataset is of 10 km. Although it contains long-term information as
the sessions were recorded over a year, the vegetation sections are limited and may
not be representative of agricultural settings.

Several datasets capture off-road environments with the presence of natural ele-
ments. The ORFD dataset [140] is a dataset collected in a mixed urban and off-road
(forest) environment. It includes a variety of vegetation types, such as trees, bushes,
and grass. The dataset contains long-term information, as the sessions were recorded
covering seasons from spring to winter. However, the extension of the recorded data
in each session is very limited and the off-road sections are limited and may not
be representative of agricultural settings. The Wild-Places dataset [141] is a dataset
proposed for LPR and SLAM specifically, and was collected in a variety of outdoor
environments, including forests, parks, and rural areas. The dataset contains long-
term information, as the sessions were recorded over a year. However, the dataset does
not include agricultural environments specifically. Finally, the Rellis-3D dataset [142]
is a dataset collected in rural environments, including fields and forests. The dataset
contains a variety of vegetation types, including crops and trees. However, the dataset
does not include long-term information, as all the sessions were collected within a
short period of time. In these datasets, both 3D information from terrestrial LiDAR
sensors and accurate ground truth annotations are provided, which are essential for
developing and evaluating LPR algorithms.

5.2 Datasets for agricultural environments
Several datasets have been collected in agricultural environments to address the unique
challenges posed by these settings. Table 3 summarizes the main characteristics of
these datasets, including the year of publication, the crop type, the sensor used, the
number of sequences, and whether they include long-term variations.
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Table 3: Summary of available agricultural environment datasets.
Task Year Dataset Crop type LiDAR Vision GPS Sequences Long-term

Detect.
Segment.
Count.

2016 Stein et al. [143] Mango Velodyne
HDL64E

Prosilica GT3300c
Kowa LM8CX

Yes 3 No

2017 Bargoti et al.
[144]

Apple
Mango
Almond

- PointGrey LadyBug
Prosilica GT3300c
Canon EOS60D

No 3 No

2018 Liu et al. [145] Apple
Orange - Samsung Galaxy

S4
No 2 No

2019 CropDeep [146] Diverse (green-
house)

- IoT camera
Autonomous robots
Smartphone

No Unspecified No

2020 MinneApple [147] Apple - Samsung Galaxy
S4

No Unspecified Yes

2021 Alessandrini et al.
[148]

Grapevine - iPadPro
Samsung J7
iPhone 8

No Unspecified No

2021 Abdelghafour et
al. [149]

Grapevine - Basler Ace
(acA2500-14gc
GigE)

No Unspecified No

2023 Low-Light [88] Macadamia - Zed Stereo No 1 No
2023 GrapeNet [150] Grapevine - One Plus 7 Mobile

Intel Real-sense
D435I

No 18 Yes

2025 Mohammed et al.
[151]

Pomegranate - Sony ILCE-7RM4 No 1 No

Localiz.
2016 Sugarbeets [152] Sugarbeet Velodyne VLP16

Puck
JAI AD-130GE
Kinect One

Yes 30 No

2022 GREENBOT
[153]

Tomato Velodyne VLP-16 Bumblebee BB2-
08S2

Yes 9 No

2022-2023 MAgro [10] Apple; Pear Velodyne Puck 3D StereoLabs Zed2
(2)

Yes 9 Yes

2022-2023 HORTO-3DLM
[9]

Apple; Strawberry;
Cherry; Tomato

Velodyne VLP-16 - Yes 6 No

2022-2023 BLT [108] Grapevine Ouster OS1-16 StereoLabs Zed2 Yes 15 Yes
2023 ROSARIO [154] Soybean Velodyne VLP-16 Intel Realsense

D435i
Yes 6 Yes

2023 ARD-VO [155] Vineyards Velodyne VLP-16 RedEdge MX
Blackfly S

Yes 11 Yes

2025 TEMPO-VINE
[134]

Grapevine Velodyne VLP-16
Livox Mid360

RGB-D Intel
Realsense D435

Yes 11 Yes
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The majority of agricultural datasets focus on collecting visual information with
RGB cameras. However, there has been a growing interest in collecting LiDAR data
in agricultural settings in recent years. The GREENBOT dataset [153] is one of the
first datasets to include LiDAR data collected in a tomato greenhouse environment.
The MAgro dataset [10] includes LiDAR data collected in apple and pear orchards,
while the HORTO-3DLM dataset [9] includes data from multiple crop types, including
apple, strawberry, cherry, and tomato and it was collected using a different sensor
setup in each sequence and location. The BLT dataset [108] focuses on grapevine
environments, while the ROSARIO dataset [154] includes soybean fields. The ARD-
VO dataset [155] also focuses on vineyards. Finally, the TEMPO-VINE dataset [134]
includes long-term LiDAR data collected in vineyards using both Velodyne VLP-16
and Livox Mid360 sensors, providing heterogeneous LiDAR information.

If we compare these datasets with the most popular urban datasets, such as the
Ford Campus dataset [156] or the University of Michigan’s North Campus Long-Term
dataset (NCLT) [157], we can notice that the agricultural datasets are still limited in
terms of the number of sequences and the variety of environments. There is a wider
niche of urban datasets that ease the task of training and evaluating LPR algorithms.
However, the unique challenges posed by agricultural environments require specialized
datasets that can effectively capture the unstructured nature of these settings.

It is also important to take into account that the presence of the necessary infor-
mation for developing LPR applications is a more recent approach, as there are many
agricultural environments that have not yet been taken for this precise purpose. The
most popular approach is to publish data collected from vision sensors, which facili-
tates classification algorithms, useful for different tasks such as disease identification
[158] or fruit detection [159]. This trend has been explored since the mid 2010s decade,
with published data such as [144], where the authors propose data taken from differ-
ent vision systems in different orchards (apple, mango and almond planctations) and
they use this data in their proposed Faster RCNN DL detection method. On a simi-
lar manner, Liu et al. [145] propose an oranges and apples monocular images dataset
for fruit counting through their pipeline, and Stein et al [143] publish data taken in
a mango orchard for fruit detection. CropDeep [146] is an annotated dataset created
specifically for classification and detection in agricultural environments collected both
with mobile cameras, autonomous robots and IoT cameras.

More recent works such as the Low-Light dataset [88] presents data collected
in macadamia fields, but it does not contain neither LiDAR nor GPS information.
The GrapeNet dataset [150] provides RGB and RGB-D information in a vineyard
environment in order to support vision applications. The MinneApple dataset [147]
provides annotated visual information taken in an apple orchard, which also supports
DL semantic and classification algorithms. The use of UAV LiDAR has also been
an extended practice when it comes to collect data in agricultural fields [160]. The
VineLiDAR dataset [161] provides high-resolution UAV-LiDAR data collected over
two years in northern Spain. Alessandrini et al. [148] propose a vineyards dataset
with RGB-D data captured with smartphone devices for detection of the esca disease
in leaves with DL applications. Abdelghafour et al. [149] also provide an annotated
imagery dataset taken in a vineyard environment that facilitates the task of identifying
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diseases in the Merlot grape variaty. In their more recent work, Mohammed et al.
[151] presented a public dataset comprising pomegranate images. These images, which
depict both healthy and unhealthy crops, are designed to support the development
of advanced learning applications focused on disease detection. Further efforts are
needed to collect and curate datasets that can support the development of robust
LPR algorithms for agricultural applications, providing data from terrestial LiDAR
sensors and accurate ground truth annotations.

6 Evaluation Metrics
The performance of LPR algorithms is evaluated by measuring the ability of the
algorithm to correctly recognize previously visited places and to accurately localize
the robot within a pre-built map of the environment. In this section, an examination
of the most commonly used metrics for evaluating the global descriptors produced by
LPR algorithms in both SLAM and localization tasks is conducted.

6.1 SLAM
Localization performance is primarily evaluated using the Relative Pose Error (RPE)
for local accuracy and Absolute Pose Error (APE) for global consistency [162]. As
defined in Eq. 1, RPE averages the drift over short intervals, while APE compares the
full trajectory against ground truth (Tgt ):

RPE =
1
n

nX

i=1

k(T �1
est Tgt ) i k; APE =

1
n

nX

i=1

kTest � T gt k (1)

To provide statistical depth, recent studies [163–165] advocate for the Root Mean

Square Error (RMSE), defined as RMSE =
q

1
n

P
(yi � ŷi )2, which is sensitive to

large errors [166, 167], and the Mean Absolute Error (MAE = 1
n

P
jyi � ŷi j), which

treats errors uniformly.
Geometric accuracy is further dissected into translational and rotational compo-

nents. The Mean Translation Error (MTE) and L2 norm quantify Euclidean distance
deviations (kpest � p gt k), often reported alongside the Angular Error (AE) to assess
orientation drift [168]. The AE is crucial for visual-inertial systems and is computed
as:

AE = arccos

 
tr(R est RT

gt ) � 1

2

!

(2)

Where Rest and Rgt are the estimated and ground truth rotation matrices, respec-
tively.

6.2 Localization
The performance of LPR algorithms is typically evaluated using metrics such as
precision, recall, and F1-score [169]. Precision measures the proportion of correctly
recognized places among all recognized places, while recall measures the proportion
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of correctly recognized places among all actual places. Equation 3 and Equation 4
present the formulas for the precision and the recall, respectively.

P =
TP

TP + FP
(3)

R =
TP

TP + FN
(4)

Where TP is the number of true positives, FP is the number of false positives, and
FN is the number of false negatives.

The F1-score is the harmonic mean of precision and recall, providing a single metric
that balances both aspects. Another commonly used metric is the area under the
precision-recall curve (AUC-PR), which summarizes the trade-off between precision
and recall at different thresholds. Additionally, some studies also report the average
recall at top-K retrievals, which measures the proportion of correctly recognized places
among the top K retrieved places [170–172]. Equation 5 shows the formula for the
AUC-PR.

AUC =
Z 1

0
P(r)dr (5)

Where P(r) is the precision at recall r.
Finally, both the F1 and F2 scores are also used in some works to evaluate the

performance of LPR algorithms. The F1-score gives equal weight to precision and
recall, while the F2-score gives more weight to recall. Equation 6 and Equation 7 show
the formulas for the F1 and F2 scores, respectively.

F1 = 2 �
P � R
P + R

(6)

F2 = 5 �
P � R

4 � P + R
(7)

Table 4 provides a concise overview of the outcomes derived from the LPR algo-
rithms, as previously outlined in Table 1, encompassing all the available metrics. It
is important to note that, in the case of the method KSI [105], the results are dis-
played as a mean of the individual results in the two rows for which the results are
provided in the original publication. In the case of TriLoc-NetVLAD [94], the results
are presented separately for same-season and cross-season evaluations. We present the
results provided by their novel method which includes Multi-layer Spatial Context
based on Cloud Density (MSCD) and the proposed effective layer selection strategy.
For SPVSoAP3D [9], we present the mean results obtained for the different sequences
presented, which range from June to November. These sequences were evaluated indi-
vidually under their full contribution, which includes the log-euclidian projection and
the power normalization steps. Finally, for PointNetPGAP-SLC [95], we present the
mean results obtained for the different sequences evaluated in their work. As with
SPVSoAP3D, these sequences cover the period from June to November, and the results
are the mean of the individual results for each sequence.
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The results presented in this table suggest that the majority of the methods are
evaluated using the same season for which the model was trained. This approach
has been demonstrated to yield higher recall values. Conversely, cross-season evalua-
tions frequently yield substantially lower recall values, attributable to the considerable
alterations in the environment that occur between seasons. This underscores the com-
plexity inherent in the development of robust place recognition algorithms capable
of adapting to the seasonal variations present in agricultural environments. It is also
observed that when the season used for both training and testing is data collected on
summer, the results are significantly worse than when using data collected on spring.
This phenomenon is likely attributable to the fact that, during summer, the vegeta-
tion is denser and there are more occlusions present, making it more difficult for the
algorithms to recognize places accurately.

Table 4: Summary of the results of the main place recognition methods specifically designed for agricultural
environments.

Type Method Year Dataset Recall@1 Recall@1% MTE [cm]

Vision

KSI [105] (April) 2025 BLT [108] 0.99 - 9.22
KSI [105] (May) 2025 BLT [108] 0.99 - 10.905
KSI [105] (June) 2025 BLT [108] 0.80 - 11.83

KSI [105] (September) 2025 BLT [108] 0.64 - 196.62

LiDAR

ORCHNet [93] (PointNet) 2023 HORTO-3DLM [9] 0.52 0.92 -
ORCHNet [93] (ResNet) 2023 HORTO-3DLM [9] 0.45 0.94 -

TriLoc-NetVLAD (same season)[94] 2024 Vineyard (inhouse) 0.75 - -
TriLoc-NetVLAD (cross season)[94] 2024 Vineyard (inhouse) 0.55 - -

SPVSoAP3D [9] 2024 HORTO-3DLM [9] 0.63 0.96 -
PointNetPGAP-SLC [95] 2024 HORTO-3DLM [9] 0.75 - -

MinkUNeXt-VINE (same season)[98] 2026 TEMPO-VINE [134] 0.68 0.97 -
MinkUNeXt-VINE (cross season)[98] 2026 TEMPO-VINE [134] 0.41 0.70 -

6.3 Clustering
Global descriptors generated by LPR algorithms can be used for clustering. The per-
formance on this application is typically evaluated using metrics such as the silhouette
score [173, 174] and the Davies-Bouldin index [175]. The silhouette score measures
the similarity of each point to its own cluster compared to other clusters, while the
Davies-Bouldin index measures the average similarity between each cluster and its
most similar cluster. Equation 8 shows the formula for the silhouette score, while
Equation 9 shows the formula for the Davies-Bouldin index.

s(i) =
b(i) � a(i)

max(a(i); b(i))
(8)

Where a(i) is the average distance between point i and all other points in its own
cluster, and b(i) is the average distance between point i and all other points in the
nearest cluster.
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dij

�
(9)

Where k is the number of clusters, si is the average distance between points in
cluster i, sj is the average distance between points in cluster j, and dij is the distance
between the centroids of clusters i and j.

To provide a more rigorous evaluation, several works utilize the Adjusted Rand
Index (ARI) [176]. The ARI compensates for the expected overlap due to pure chance,
providing a more reliable indicator of clustering quality as expressed in Equation 10.
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Where nij is the number of points in both cluster i and cluster j, ai is the number of
points in cluster i, bj is the number of points in cluster j, and n is the total number
of points.

7 Conclusions
The achievement of robust LPR stands as a critical milestone for the operational
success of autonomous mobile robotics. Unlike static urban scenarios, agricultural
environments present unique challenges—such as unstructured terrain and severe
seasonal variability—that render standard urban-centric solutions ineffective. Conse-
quently, developing specialized LPR approaches is not merely a technical necessity but
a strategic one. Reliable localization in GNSS-denied environments is the key enabler
for precision agriculture, allowing for optimized food production and mitigating the
impact of the growing global agricultural workforce shortage.

To support this goal, this work presented a comprehensive review of the SOTA
in agricultural localization, focusing on general agricultural DL literature from 2020
onwards and the existing specific LPR works in these settings. Moreover, we provided
an analysis of the current results found in the scarce agricultural LPR literature.
Although there have been improvements in recent years, cross-season validation
remains a significant challenge, with recall values often dropping below 50%. We
also observed significant performance differences between winter and summer cam-
paigns, primarily due to severe environmental occlusions, with a difference in the
Recall@1 metric of more than 20%. These findings underscore the necessity for addi-
tional research to develop robust algorithms that can handle the dynamic nature of
agricultural environments.

We discussed the distinct environmental constraints and provided a critical anal-
ysis of current datasets and metrics. Notably, our comparison highlights a disparity
between the abundance of computer vision datasets and the scarcity of data specifi-
cally curated for localization tasks. It is our hope that this survey clarifies the current
landscape and guides future research toward bridging the gap between theoretical
algorithms and real-world agricultural autonomy.
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