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Deep learning (DL) methods, particularly those that combine camera and light detection and ranging 
(LiDAR) data, have demonstrated remarkable accuracy in three-dimensional (3D) obstacle detection. 
This is crucial for achieving rigorous and reliable autonomous navigation of agricultural machinery. 
However, recent approaches heavily rely on large-scale labeled datasets during training, which creates 
challenges for their application in agriculture because of presence of scarce and distinct agricultural sam-
ples. To overcome this limitation, this paper proposes a novel 3D detection method for agricultural obsta-
cles with few or zero samples based on a multimodal feature representation mechanism. Image and point 
cloud attitude adjusters are integrated to increase the accuracy, reliability, and uniformity of multimodal 
data. Semantic and geometry-intensity feature encoders are integrated to capture essential relationships 
among categories. The Bird’s Eye View (BEV) fusion decoder is designed to discern intracategory similar-
ities and intercategory distinctions. Multicategory experiments in various field scenarios reveal that the
proposed method reduces the dependence on training samples by 30%–40%, and the precision rate, recall
rate, F1 score, and detection speed are 95.03%, 97.01%, 96.01%, and 16.56 frames per second (FPS), respec-
tively. Even in completely unknown scenarios (i.e., obstacle categories that lack any corresponding train-
ing samples), the proposed method still achieves an acceptable F1 score of 81.63%. As indicated by the
results, the proposed method achieves a sophisticated trade-off among detection performance, opera-
tional efficiency, and data dependency, providing an effective safety guarantee for the autonomous nav-
igation of agricultural machinery.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n critical for guaranteeing the safe operation of autonomous
Owing to the surge in population demands for food and the
decrease in agricultural engagement caused by urbanization [1– 
3], agricultural production faces unprecedented barriers. Autono-
mous navigation technology, a crucial component of agricultural
machinery automation, is extremely important [4], for reducing 
labor dependency and increasing operational efficiency [5]. How-
ever, ensuring safety during autonomous navigation remains a 
demanding task, particular ly in preventing collisions between agri-
cultural machinery and obstacles [6]. Robust obstacle detection is
systems.
Among the typical sensors in the field of obstacle detection, 

light detection and ranging (LiDAR) and cameras are critical 
components, because they provide precise point cloud and ima ge
data of the surrounding world [7]. Because single-modality data 
lack either color or depth information [8,9], unstructured farm-
land scenarios are challenging for perception systems that rely 
on a single sensor [10]. To address this issue, researchers have 
attempted collaborative solutions that exploit the complemen-
tary nature of LiDAR and camera features [11]. Camera–LiDAR-
based approaches that can be jointly optimized across both 
modalities have rapidly evolved into a de facto criterion for 
robust obstacle detection [12].
ith Few
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1.1. Potential risks of camera–LiDAR-based solutions

Deep learning (DL) methods are powerful tools for camera– 
LiDAR-based obstacle detection. To process and represent multi-
modal data, existing solutions predominantly employ three fusion
strategies: point-level fusion, feature-level fusion, and decision-
level fusion [7,12,13]. The point-level fusion strategy [14–16] uses 
unprocessed LiDAR points to query image features, and subse-
quently these features are concatenated back into the point cloud
as additional point-level information. The feature-level fusion
strategy [17–19] begins by projecting LiDAR points into designated 
space or region, and subsequently associated image features are
transferred back to the space or region. The decision-level fusion
strategy [20–22] initially employs two single-modality detection 
models to obtain predicted results from various modalities, and 
subsequently optimizes multisource predicted results by desig-
nated fusion modules.

Although the above DL-based solutions have demonstrated 
remarkable efficacy, the heavy reliance on prior knowledge of obsta-
cles and the need for extensive labeled training sets present chal-
lenges. Recent studies have highlighted that models trained on 
limited datasets have decreased generalizability, and the he avy reli-
ance on prior knowledge remains challenging for reliable detection
[23,24]. In unstructured farmland scenarios, prior knowledge of 
obstacles and large-scale labeled datasets ar e particularly scarce
[25]. In particular, labeling a large number of samples formultimodal 
data is a professional and time-consuming process [26]. Therefore, 
introducing novel paradigms that can detect obstacles with a limited 
number of samples becomes more practicable a nd significant.

1.2. Practicable paradigms to address potential risks

Recently, few-shot and zero-shot learning paradigms have 
attracted considerable interestbecauseof their ability to equipmod-
els with adaptabi lity to new categories using minimal additional
samples [27]. The objective of few-shot learning is to generalize 
effectively and render precise predictions for these new categories
with insufficient data [28]. Zero-shot learning is a subset of few-
shot learning that attempts to address new categories without any
labeled samples by harnessing generalized knowledge [29]. In terms 
of camera-baseddetection, Chen et al. [30] exploited semantic inter-
relations among various categories in image classification tasks and 
executed few-shot classification via multi-tiered semantic feature
enhancement. Similarly, Li et al. [31] performed few-shot image 
recognition by digesting a semantic-visual nexus. With respect to
LiDAR-based detection, Corral-Soto et al. [32] employed the 
designed cycle-consistent generative adversarial network (Cycle-
GAN)with a concurrent learning approach to increase the detection 
efficacy in categories with limited samples. In parallel, Li et al. [33] 
integrated the few-shot learning framework into point cloud detec-
tion through a sequential pair of graph neural networks. Nonethe-
less, the feasibility of applying few-shot and zero-shot learning
paradigms within unstructured agricultural scenarios and intricate
multimodal data remains to be thoroughly investigated.

1.3. Inevitable challenges in introducing practicable paradigms

Although several cases [34,35] have attempted to introduce 
few-shot and zero-shot learning paradigms into unstructured sce-
narios and multimodal data, current approaches are still not fully 
competent, primarily because of three inevitable challenges. First, 
the assurance of real-time detection speed is affected by the redun-
dancy and complexity of multimodal data. Second, the generalized
knowledge obtained from previous scenarios and categories is dif-
ficult to transfer to new farmland scenarios and categories because
of sample differences caused by rugged terrain. Third, the extrac-
2

tion and integration of complementary features from multimodal 
data present considerable barriers, because the structural align-
ment between image and point cloud data is elusive.

1.4. Contributions of this work

On the basis of the preceding analysis, this paper proposes a 
novel multimodal feature representation mechanism for three-
dimensio nal (3D) obstacle detection in unstructured agricultural
scenarios. The contributions of this work are outlined as follows:

(1) To reduce unnecessary computations and guarantee real-
time detection speed, a feature-level fusion strategy is used, 
and a voxel-based point cloud feature encoder is constructed. 
In contrast to the point-level fusion strategy, the feature-
level fusion strategy minimizes the waste of computation 
in non-interest areas. Moreover, compared with point-
based point cloud processing methods, the constructed
voxel-based feature encoder imparts structural regularity
to LiDAR data, thereby increasing computational efficiency.

(2) To minimize differences in sample structure and align vari-
ous multimodal data, the BeiDou navigation satellite system 
(BDS) and the inertial measurement unit (IMU) are inte-
grated and a Bird’s Eye View (BEV)-based fusion decoder is 
constructed. The integration of the BDS and the IMU rectifies 
sample attitude deviations caused by rugged terrain. Fur-
thermore, the fusion BEV decoder effectively aligns modally
and structurally different data in time and space, which
facilitates the subsequent discerning of intracategory simi-
larities and intercategory distinctions based on multimodal
feature representation.

(3) To mitigate the dependence of the model on labeled samples 
and enable 3D detection with few or zero samples, semantic 
and geometry-intensity feature encoders are constructed and 
a semantic-geometry-intensity fusion representation space is 
constructed. These encoders extract semantic attributes from 
two-dimensional (2D) image features and geometry-intensity 
attributes from voxel point cloud features. The extracted 
semantic, geometric, and intensity attributes maximize intra-
category similarities and intercategory distinctio ns. Further-
more, the fusion representation space bridges category gaps
from dimensions of semantics, geometry, and intensity.

Despite significant progress in camera–LiDAR fusion for auton-
omous driving, these methods presuppose extensive, well–anno-
tated datasets—an assumption untenable in unstructured 
farmland, where collecting and labeling various obstacle instances 
is prohibitively costly and time–consuming. The proposed mecha-
nism directly addresses this gap via feature–level fusion to focus 
computation on informative regions, integrating BDS and IMU data 
to correct field–specific attitude deviations, and unifying semantic, 
geometric, and intensity cues into a compact representation space. 
This holistic design not only minimizes training–sample require-
ments by 30%–40% but also maintains acceptable performance
even with zero in–domain samples, providing the optimal balance
among data efficiency, real–time operation, and robust generaliz-
ability needed for safe autonomous navigation in agriculture. This
design provides farmers, engineers, and industry stakeholders a
scalable, data–efficient, and reliable solution for safe autonomous
navigation in agriculture.
2. Materials and methods

2.1. Dataset utilized for pretraining and initialization

The proposed method uses accessible public datasets to reduce 
the dependence on difficultly-acquired agricultural datasets.
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Owing to its accessibility and sufficiency, the well-known KITTI
public dataset [36] was selected to pretrain the proposed model. 
This dataset encompasses 7481 labeled multimodal samples in 
addition to 7518 unlabeled counterparts. The KITTI dataset can 
be downloaded directly online and remains fixed regardless of 
specific farmland contexts, whereas gathering and annotating 3D 
data for each new agricultural site requires specialized labor and
is prohibitively time–consuming. By exploiting KITTI for feature
initialization, the proposed method substantially reduces the
dependence on costly field–specific annotations, increasing its
use in various farm environments.

2.2. Obstacle detection architecture based on multimodal feature
representation

In terms of a multimodal feature representation mechanism, a 
pioneering obstacle detection architecture is conceptualized to 
address the challenges stemming from the excessive reliance on
large-scale labeled datasets. As shown in Fig. 1, original multiview 
images sequentially undergo an image attitude adjuster, an image 
feature encoder, and a semantic feature encoder to obtain BEV 
semantic features, whereas the original point clouds sequentially 
undergo a point cloud attitude adjuster, a point cloud feature enco-
der, and a geometry-intensity feature encoder to obtain BEV 
geometry-intensity features. The processed semantic and 
geometry-intensity features facilitate the transfer of generalized 
knowledge obtained from object categories within the KITTI data-
set to obstacle categories devoid of labeled samples, because intra-
category similarities and intercategory distinctions are essentially
reflected in fine-grained descriptions of semantics, geometry, and
intensity. The semantic and geometry-intensity features are subse-
quently concatenated within a unified BEV space. Ultimately, the
category and position results of obstacle detection are decoded
Fig. 1. Obstacle detection architecture based on multimodal feature representation. (a) Im
(d) geometry-intensity feature encoder, and (e) fusion BEV decoder. ResNet: residual ne
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via the semantic-geometry-intensity fusion representation space 
and the multitask positioning head, respectively.

2.2.1. Image and point cloud attitude adjusters
Fig. 2 shows the effect of attitude deviations on obstacle percep-

tion, highlighting its detrimental effects on predicting obstacle 
position and orientation. Furthermore, attitude deviations affect 
the sequence and distribution of point clouds, increasing structural 
differences between KITTI and farmland samples. To maintain the 
accuracy, reliability , and uniformity of multimodal data, a coordi-
nate transformation procedure is executed to eliminate attitude
deviations according to the attitude information from the BDS
and the IMU in the attitude adjuster. The coordinate transforma-
tion is expressed as Eq. (1):

R RZRXRY 

cosw sinw 0 
sinw cosw 0 
0 0 1  

1  0 0  
0 cos h sin h 
0 sin h cos h

cos c 0 sin c
0 1 0
sin c 0 cos c

1

where R, RZ, RX, RY, w, h, and c represent the ultimate rotation 
matrix, rotation matrix of the yaw angle, rotation matrix of the
pitch angle, rotation matrix of the roll angle, yaw angle, pitch
angle, and roll angle, respectively.

2.2.2. Image and point cloud feature encoders
In terms of the image feature encoder, as shown in Fig. 1(a), the 

residual network (ResNet) [37] is employed as the backbone to dis-
till preliminary multi-scale features for the trade-off between 
speed and accuracy. Subsequently, sequential operations including 
upsampling, adaptive pooling, and convolution are executed across
age feature encoder, (b) point cloud feature encoder, (c) semantic feature encoder, 
twork; FC: fully connected; Ⓒ: concatenation; Conv: convolutional layers.

move_f0005
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Fig. 2. Effect of attitude angle deviation on obstacle perception.
features at varying scales to capture finer details. Ultimately, a con-
volution operation is performed on concatenated multi-scale fea-
tures to obtain refined 2D image features. The overall encoding
process for images enables the capture of essential scale-
invariant features.

In terms of the point cloud feature encoder, as shown in Fig. 1 
(b), the point-to-voxel projector segments original unordered point 
clouds into uniformly spaced voxel grids. Compared with unor-
dered point clouds, voxel grids provide a more condensed repre-
sentation, thereby decreasing the computational load in 
subsequent steps. Subsequently, 3D sparse convolutional layers 
are used as feature extractors for the voxel point clouds to effi-
ciently capture the features. To address the sparsity of point clouds,
sparse convolution uses interchannel and intrachannel redundan-
cies, avoiding irrelevant computations in vacant zones.

2.2.3. Semantic and geometry -intensity feature encoders
Owing to the aptitude of fully connected (FC) layers in classifi-

cation tasks [38], as shown in Figs. 1(c) and (d), FC layers are 
employed to encode 2D image and voxel point cloud features to 
semantic and geometry-intensity features. These encoded features 
are representations that can capture relationships among cate-
gories of interest because categories with similar semantic, geo-
metric, and intensity attributes exhibit proximity in the 
vectorized space. In this work, the semantic feature encoder exclu-
sively extracts and encodes semantic features from image features 
rather than from point cloud features because semantic features 
are reflected mainly in image data. Specifically, the semantic
descriptions on which semantic features rely are typically obtained
from an extensive corpus. Owing to the limitations of human sen-
sory organs, the corpus describes mainly object attributes in terms
of color. The LiDAR data are limited by the time-of-flight (ToF) per-
ception approach, which lacks color information about the obsta-
cles. For similar reasons, the geometry-intensity encoder solely
extracts and encodes geometry and intensity features from point
cloud features rather than from image features.

The projection of disparate features into a cohesive representa-
tion space without losing vital information is important. Because 
the transition from the 2D plane and voxel space to the BEV space 
is essential in the full retention of semantic features from the
panoramic camera as well as geometric and intensity features from
the 3D LiDAR, the BEV is used as a unified representation space for
multimodal fusion. In terms of the conversion of semantic features,
as shown in Fig. 1(c), the 2D-to-voxel projector voxelizes 2D 
semantic features that use the extrinsic calibration parameters of 
multi-sensors and the depth information of point clouds. The pro-
cess of obtaining extrinsic calibration parameters is shown in
Fig. 3, which refers to the calibration method proposed by Zhang
[39]. The calibration board was placed at different distances, posi-
tions, and angles. The coordinates of the same pair of corner points
4

in different sensor space coordinate systems can be solved to 
obtain the extrinsic calibration parameters. Subsequently, the 
voxel-to-BEV projector integrates and flattens all the features
within the voxel space along the z-axis. In terms of the conversion
of geometry-intensity features, as shown in Fig. 1(d), BEV 
geometry-intensity features are derived from their voxel counter-
parts via a trajectory similar to that of the semantic feature
projection.

2.2.4. BEV fusion decoder
In the BEV fusion decoder, as shown in Fig. 1(e), features are 

concatenated in the unified BEV space to ensure the comprehen-
sive preservation of semantic, geometric, and intensity details. 
Each pixel of each BEV data has multiple channels reserved to store 
information that may be lost during spatial transformation , such as
height information. The category and position results of obstacle
detection are decoded via the semantic-geometry-intensity fusion
representation space and the multi-task positioning head from the
BEV fusion features, respectively.

In terms of the semantic-geometry-intensity fusion representa-
tion space, the generation process is shown in Fig. 4. Semantic vec-
tors are encoded separately from image features based on the 
pretrained bidirectional encoder representations from transform-
ers (BERT) module, whereas geometry-intensity vectors are
encoded together on the basis of 3D feature descriptors. Inspired
by the natural language processing technique, a pretrained BERT
[40] module is employed to infer semantic relationships among 
categories and generate semantic representation parameters. The 
BERT module is pretrained on an extensive corpus, such as Wikipe-
dia and books. Furthermore, inspired by the inherent geometry and 
intensity details of point clouds, 3D feature descriptors, including
fast point feature histograms (FPFH) and shape and intensity con-
text combined (SICC), are used to encapsulate geometric and inten-
sity features as high-dimensional vectors in accordance with the
principles and examples outlined byWang et al. [9]. The 3D feature 
descriptor is a compact and robust feature representation tech-
nique, that effectively distinguishes features by embedding rele-
vant information into these vectors. Subsequently, the
convolutional block attention module (CBAM) [41] is applied to 
highlight important vectors and downsize irrelevant counterparts. 
Vectors generated by the CBAM establish the fusion representation
space, which can encapsulate semantic, geometric, and intensity
relationships among categories from a mathematical perspective.

In terms of the multi-task positioning head, the center point-
based strategy is used to establish the multi-task positioning head, 
which can facilitate the acquisition of rotational invariance and 
equivalence for predicting obstacles. The 3D positions of the 
bounding boxes are determined through the prediction of heat-
maps, center offsets, and z-axis coordinates of the obstacles. The
3D size of the bounding boxes is determined through the predic-

move_f0015
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Fig. 3. Schematic of the extrinsic parameter calibration process.

Fig. 4. Generation process of the semantic-geometry-intensity fusion representation space. CBAM: convolutional block attention module. Ⓒ: concatenation; :
multiplication.
tion of the length, width, and height of the obstacles. The heading 
angle of the bounding boxes is determined through the prediction 
of the sine and cosine values of the yaw angles of the obstacles. 
Instead of directly predicting yaw angles, sine and cosine values
of yaw angles are chosen as regression outcomes because of the
remarkable continuous and periodic properties of trigonometric
functions. To execute the above tasks, the multitask positioning
head comprises five heads, each equipped with two convolutional
layers.

2.2.5. Loss function
The overall loss comprises two components: classification loss 

Lcls and regression loss Lreg. For category prediction, outcomes are 
fine-tuned by a cross-entropy loss function because of the funda-
mental classification nature of this task. The classification loss for
3D bounding boxes is mathematically expressed as Eq. (2): 
5

Lcls PC GC 
N 

i 1 

C 

j 1 
G Cji log PC

j
i 2

where PC, GC, N, and C represent the predicted category confidence, 
the ground truth (GT) of the categories, the number of total candi-
date results, and the number of total categories, respectively.

The cross–entropy loss in Eq. (2) is chosen to optimize the 
classification branch because it directly penalizes the misclassi-
fication of each candidate 3D box among the C possible obstacle
categories, increasing the confidence of the model in correct
semantic labels.

For position prediction, the outcomes are fine-tuned by the 
smooth L1 loss function because of the fundamental regression nat-
ure of this task. The regression loss for 3D bounding boxes is math-
ematically expressed as Eq. (3): 

Lreg PB GB 
N 

i 1 k 
SL1 Pk

Bi
Gk

Bi
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x 1
2d2

otherwise
3

where k represents the set of the heatmap, center offset, z-axis coor-
dinate, length, width, height, and sine and cosine values of the yaw 
angle; PB and GB represent the predicted bounding box and GT
bounding box, respectively; and d denotes a hyperparameter that
controls the smoothness and is set to 1 for optimal outcomes.

The smooth L1 loss in Eq. (3) is used for the bounding–box 
parameter estimation branch because it combines the robustness 
of L1 loss with the stability of L2 loss near zero error, enabling pre-
cise localization of obstacle centers, sizes, and orientations without 
over–penali zing occasional large deviations. The hyperparameter
d balances this trade–off. These two losses together form the over-
all loss, facilitating end–to–end learning of both category and posi-
tion with appropriate, task–specific penalties.
3. Field experiment

3.1. Multimodal real-time perception system design

A multimodal real-time perception system was constructed on 
the Lovol Euro-leopard M904-D tractor, which is appropriate for 
unstructured farmland and rugged terrain. The architecture of
the device installation is shown in Fig. 5(a). The constructed sys-
tem integrates environmental perception, vehicle perception, and 
data fusion modules. A comprehensive overview of device types
and their functions is provided in Table 1. The architecture of the 
synchronization data acquisition is shown in Fig. 5(b). The syn-
chronization data acquisition system receives positioning and tim-
ing information from multiple BeiDou satellites through the 
BeiDou mobile station. The relevant information is decoded into 
real-time kinematic (RTK) position and yaw data and then trans-
mitted to the mobile workstation at a frequency of 10 Hz. More-
over, the current time is transmitted as the time synchronization 
command to the mobile workstation at a frequency of 1 Hz. The 
multiview images and the 3D point clouds are transmitted to the
mobile workstation at a frequency of 10 Hz. The pitch and roll data
are transmitted to the mobile workstation at a frequency of 100 Hz.
In the mobile workstation, on the basis of the robot operating sys-
tem (ROS) communication framework, the current time from the
BeiDou system time source is used as the medium to convert the
workstation Unix time to the standard universal time coordinated
(UTC) time.

3.2. Field sampling experimen tal design

Experiments were conducted at the Zhuozhou Experimental 
Station of China Agricultural University in Baoding city, Hebei Pro-
vince, China, in the autumn of 2022 and the summer of 2023.
Table 2 provides details of the field experimental design. The 
experimental scenarios comprised three typical agricultural 
machinery farming scenarios, namely, the cement road, the non-
tilled soil, and the wheat field. The experimental seasons com-
prised two typical busy farming seasons, including the autumn 
for plowing and the summer for harvesting. In terms of sampling 
quantity, the multimodal real-time perception system collected a 
total of 3029 frames of multimodal data. In terms of sampling cat-
egories, there were 2559 sample instances of the harvester cate-
gory, 5407 sample instances of the tractor category, and 2108
sample instances of the person category. In terms of movement
speed, the average movement speed of the tractor platform
equipped with the perception system was approximately
3.6 km∙h−1. The movement speed of harvesters and tractors, which
are typical obstacles in farmland, ranged from 3 to 8 km∙h−1. This
6

speed range is consistent with the real movement speed in agricul-
tural machinery farming environments. Considering the move-
ment speed and the emergency braking distance of agricultural 
machinery, all the obstacles were set to move within the 50 m
range of the perception system. If an obstacle 50 m away enters
the 50 m detection range of the perception system, it is within
the detection range.

Fig. 6 presents the field sampling paths. The multimodal real-
time perception system started from the cement road next to the 
garage, and crossed the cement road to the corresponding farming 
scenario. In terms of the sampling in the autumn of 2022, the cor-
responding farming scenario was the nontilled soil scenario. In 
terms of the sampling in the summer of 2023, the corresponding 
farming scenario was the use of a wheat field. After it arrived at 
the corresponding farming scenario, the perception system contin-
ued to move in a straight line until it reached the end of the other 
side of the corresponding farming scenario. At the end of the other
side, the perception system made a U-turn and then moved in a
straight line back to the end of the corresponding farming scenario
when entering. Throughout the sampling procedure, various obsta-
cles (such as harvesters, tractors, and people) moved randomly
within the vicinity of the perception system. In summary, the sam-
pling path of the overall field test comprehensively reflected the
real agricultural machinery work situations, which is helpful for
accurately evaluating the performance of the proposed method.

Fig. 7 presents the multimodal data collected by the perception 
system in typical scenarios. The panoramic camera collected mul-
tiview image data through its left rear, left front, middle, right front 
and right rear lenses, and the 3D LiDAR collected panoramic 3D 
point cloud data through its 128-laser scanning section. In terms 
of the cement road environment, the ground was relatively flat, 
and multiple harvesters and tractors were parked on both sides
of the road. In terms of the nontilled soil environment, the ground
was uneven and soft soil, and other agricultural machines were
moving randomly around the perception system. In terms of the
wheat field, the terrain was uneven. A harvester was used to har-
vest the wheat, whereas the other tractors worked together to
complete the harvest.

3.3. Implementation details and evaluation metrics

Considering that the proposed method underwent testing in 
real field scenarios rather than on the KITTI dataset, all labeled 
samples within the KITTI dataset served as valuable resources for 
pretraining. Limited by the high cost of annotation [42–44], in ref-
erence to related studies [45–47], key frames were extracted and 
labeled from the overall multimodal data stream at a frequency 
of approximately 1 Hz. Specifically, the number of frames in the 
training set, validation set, and test set collected from the field sce-
narios are 404, 101, and 101, respectively. The number of anno-
tated instances in the test set is 335. The training, validation, and 
test sets were obtained according to the following division and 
augmentation techniques. Because the proposed method aims to 
mitigate the dependence of the model on training samples, the 
majority of samples from real field scenarios were not included 
in the training set. Specifically, total samples from real field scenar-
ios were initially divided into training, validation, and test sets at a 
ratio of 1:1:1. The data augmentation technique was subsequently 
exclusively applied to the training set to adjust this ratio to 4:1:1. 
The data augmentation technique used only for the training set 
avoids overlap between the training set and the test set. Avoiding 
overlap reduces the risk of data leakage and increases the reliabil-
ity of model evaluation. Training samples were gradually added to
the training process to analyze the data dependency. The training
process was deemed complete after the 300th epoch was reached.
The Adam optimizer was employed to train the proposed model,
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Fig. 5. Architecture of (a) device installation and (b) synchronization data acquisition.
and the cosine annealing strategy was used as the learning rate 
scheduler. The initial learning rate, momentum, and batch size 
were set to 0.001, 0.949, and 16, respectively. Finally, the model
was deployed on the mobile workstation of a multimodal real-
time perception system and tested in real field scenarios.

Samples can be classified into four types according to the com-
bination of labeled results and predicted results for binary classifi-
cation: true positive (TP), false positive (FP), true negative (TN),
and false negative (FN). According to related studies [48–50], the 
TP of the harvester and tractor categories is defined as the pre-
dicted category being correct and the value of the 3D intersection 
over union (IoU) being greater than or equal to 0.7. Moreover, the
TP of the person category is defined as the predicted category being
correct and the value of the 3D IoU being greater than or equal to
0.5. 3D IoU [51] measures the overlap between two 3D volumes, 
such as predicted and GT bounding boxes, and is defined as the 
ratio of the volume of their intersection to the volume of their
union. It is mathematically delineated as Eq. (4): 

IoU3D BP BG 
Volume BP BG 

Volume BP BG
4

7

where BP and BG represent the predicted 3D bounding box and the
GT 3D bounding box, respectively.

Recall and precision are applied to evaluate the different detec-
tion performances. Recall is the proportion of TP results among the 
results that are actually positive, whereas precision is the propor-
tion of TP results among the results that are predicted to be posi-
tive. Intuitively, the recall reveals the ability of a model to
correctly predict all positive samples, whereas the precision
reveals the ability of a model not to predict negative samples as
positive samples. Recall and Precision are mathematically
expressed as Eqs. (5) and (6), respectivel y:

Recall TP 
TP FN

5

Precision TP 
TP FP

6

where TP, FP, TN, and FN represent the number of TPs, FPs, TNs, and
FNs, respectively.

Recall and Precision usually exhibit a trade-off relationship. To 
comprehensively assess the performance, the F1 score serves as
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Table 1 
Comprehensive overview of device types and their functions.

Device Models Functions 

3D LiDAR VLS-128 
(Velodyne, USA)

• Gathers 3D point clouds within 360°

Panoramic camera Ladybug 5 
(PointGrey, Canada)

• Gathers multi-view images within 360°

2D LiDAR UTM-30LX-EW (HOKUYO, Japan) • Covers 3D LiDAR blind spots for emergency stop
• Not used for this work

BeiDou 
base station

I60 
(CHCNAV, China)

• Receives position data from satellites 
• Computes deviations between measured and true values
• Transmits position deviations via radio communication
• Receives position data from satellites 
• Receives position deviations via radio communication 
• Computes the RTK position and heading based on dual
antennas

BeiDou 
mobile station

P3-DT 
(CHCNAV, China)

IMU MTi-300 
(Xsens, Netherlands)

• Monitors real-time attitude deviations of the system 
• Generates rotation matrices to correct attitude deviations

Mobile workstation Y9000P 2021 
(Lenovo, China)

• Establishes communication with all sensors to obtain 
data

• Implements the obstacle detection model
Ethernet switch TL-SG1005M 

(TP-Link, China)
• Extends the physical interface to enable simultaneous
communication with multiple devices

Table 2 
Details of the field experimental design.

Name Value 

Scenarios Cement road, nontilled soil, 
wheat field

Seasons Autumn, summer 
Overall multimodal frames 3029 
Categories of obstacles Harvester (2559 instances) 

Tractor (5407 instances)
Person (2108 instances)

Constant speed of the real-time
perception system

Approximately 3.6 km∙h −1

Constant speed of the harvesters and
tractors

3–8 km∙h− 1

Constant speed of the people Approximately 3.6 km∙h −1

Maximum detection range 50 m

 

the harmonic mean of Recall and Precision and is mathematically
expressed as Eq. (7): 

F1 2 Precision Recall 
Precision Recall

7

The frame rate is the reciprocal of the average processing time 
per frame, which is used to assess the detection speed and is math-
ematically expressed as Eq. (8): 

FrameRate N 
N 
i 1 ti

8

where N and ti represent the number of total frames and the pro-
cessing time of each frame, respectively.

In summary, the 3D IoU is a metric for evaluating the regression 
task. The recall, precision, and F1 score are compreh ensive metrics
that consider both classification and regression tasks. The frame
rate is a metric for evaluating detection speed.

4. Results and discussion

4.1. Performance comparison and data dependency analysis

The proposed method is compared with four state-of-the-art 
methods for 3D obstacle detection, namely, BEVFusion [7], multi-
modal voxel net (MVXNet) [14], point-voxel region-based convolu-
tional neural network plus plus (PV-RCNN++) [52], and flexible
8

monocular 3D object detection (MonoFlex) [53]. The proposed 
method, BEVFusion, and MVXNet are camera-LiDAR-based solu-
tions, whereas the PV-RCNN++ and MonoFlex are LiDAR-based
and camera-based solutions, respectively. As shown in Fig. 8,  at
100% usage of the training set, the overall F1 score achieved by 
the proposed method is 3.78% higher than that of the baseline 
method (i.e., BEVFusion). The demand and dependence of different 
methods on the training set are quantitatively characterized by the 
usage rate of the training set. For the purpose of detection with few 
samples, at the same overall F1 score, the proposed method 
decreases the usage of the training set by 30%–40% compared with 
the baseline method, which shows that the proposed method
effectively mitigates the dependence of the model on extensive
labeled training samples. For the purpose of detection with zero
samples, without any training samples (i.e., the usage rate of the
training set is 0), the precision rate, recall rate, and F1 score of
the proposed method are guaranteed to be approximately 80%,
which proves that the proposed method can still provide effective
safety guarantees for autonomous navigation of agricultural
machinery even in extremely unknown scenarios.

As shown in Fig. 8(a), an intriguing pattern is observed in the 
precision rate curves of the alternative methods: they initially 
increase, but then decrease, and finally increase again. This phe-
nomenon contradicts intuitive expectations and may stem from 
the pretraining process on the KITTI dataset, which tends to bias 
model decisions toward conservatism. While a higher precision 
rate accompanied by a lower recall rate may seem to indicate 
acceptable performance, it poses a significant risk. For example, 
in the most conservative case (i.e., the model does not generate 
any bounding boxes for any obstacles), the precision rate may
approach 100%, but the recall rate decreases to nearly 0. Therefore,
a comprehensive evaluation, incorporating different perspectives
via multiple evaluation metrics, is imperative to accurately reflect
performance. Because the designed semantic-geometry-intensity
fusion representation space improves the ability to identify intra-
category similarities and intercategory distinctions when samples
are extremely scarce, the proposed method achieves acceptable
performance at different usage rates of the training set.

4.2. Detection results of the proposed method across various categories

Fig. 9 presents the detection results of the proposed method 
across various categories. In general, the proposed method exhibits

move_f0040
move_f0045
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Fig. 6. Illustration of field sampling paths: (a) autumn 2022 and (b) summer 2023.

Fig. 7. Multimodal data collected in typical scenarios.
commendable performance for all categories, attaining an overall 
F1 score of 96.01%. Notably, the precision rate, recall rate, and F1
score of the proposed method for both the harvester and tractor
categories exceed 95%.

As shown in Fig. 9, the precision rate, recall rate, and F1 score of 
the proposed method for tractors and harvesters exceed 95%, 
whereas those for people are nearly 95%. This finding is attributed 
to the different number of pixels and points of instances in various 
categories. Specifically, the 3D size of the person category is smal-
ler, resulting in fewer pixels and points within multimodal data. 
Considering the multimodal fusion structure in the form of col-
orized point clouds as the statistical subject, the statistical analysis
reveals that each instance of harvesters comprises an average of
5849 points, each instance of tractors comprises an average of
785 points, and each instance of people comprises only 181 points
on average. Furthermore, compared with large objects, small
9

objects are more susceptible to the negative effect of registration 
errors under the same registration accuracy. In terms of the 3D 
IoU metric, the 3D IoU value of the proposed method for all cate-
gories is greater than 75%, which is greater than the 3D IoU value
of 70% (i.e., 0.7) commonly set for obstacle detection in the field
of autonomous driving [54–56]. The 3D IoU value is partially 
affected by the accuracy of the GT bounding box. Owing to the lack 
of geometric information about the occluded components of obsta-
cles, the geometric size of the GT bounding boxes must be manu-
ally set through experience when dealing with partially occluded
obstacles.

4.3. Detection efficiency of the proposed method

Efficient real-time obstacle detection is crucial because faster 
detection requires more time and space for avoidance maneu-
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Fig. 8. Comparison of performance under different usage rates of the training set: (a) precision rate, (b) recall rate, and (c) F1 score.

Fig. 9. Comparison of the detection results of the proposed method across various categories.
vers. Because of the inherent spatial and energy limitations of 
agricultural machinery, the detection efficiency obtained on 
mobile workstations has greater representational value than
that on their desktop counterparts. As shown in Table 3, the
10
proposed method achieves a frame rate of 16.56 frames per sec-
ond (FPS), exceeding the sampling rates of both the 3D LiDAR 
and the panoramic camera employed in this work. Because 
the processing speed outpaces the sampling speeds of the sen-
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Table 3 
Real-time performance comparison according to the processing and sampling speeds.

Time consumption per frame
(millisecond)

Frame rate
(FPS)

Method/device 

3D LiDAR 100 10 
Panoramic 

camera 
100 10 

Proposed 
method 

60.39 16.56
sors, the proposed method is deemed to satisfy the real-time
demand of obstacle detection.

4.4. Visual detection results for different obstacles in various scenarios

To emphasize the superior performance of the proposed 
method, the visual detection results of the proposed method in
three typical scenarios are shown in Fig. 10. The proposed method 
generates well-fitted 3D bounding boxes and fine-grained cate-
gories for different obstacles encountered in various scenarios.

In most visual detection results, to reduce computing power 
consumption, only the point clouds within the maximum detection 
range of 100 m of the real-time data acquisition system are
assigned the color of the corresponding pixel position. The point
clouds beyond the range of 100 m are directly filtered out, so the
Fig. 10. Visual detection results of the proposed method in typical sc

11
middle and upper components of each visual detection result are
black.

In some visual detection results, the colorized point clouds in 
the area near the vehicle body are sparse, and the colorized point 
clouds in the area far from the vehicle body are dense. This is 
because the 128-laser scanning section of the 3D LiDAR is not lin-
early distributed in the vertical field of view. Specifically, the over-
all layout is dense in the middle and sparse on the upper and lower
sides. Reflected in visual detection results of the colorized point
clouds, the points in the middle are dense, whereas the points in
the lower part are sparse. In particular, the upper part is black
because it exceeds the detection range.

A few visual detection results (e.g., Fig. 10(f)) reveal some white 
and light blue point clusters. This is because the installation posi-
tions of the 3D LiDAR and the panoramic camera are different, and 
parallax between the two sensors is observed. When a component 
of the 3D LiDAR is blocked but the corresponding area of the
panoramic camera is not blocked, the 3D point cloud of the corre-
sponding area may be mistakenly matched to the color behind the
blocker, such as the sky. This phenomenon does not have a signif-
icant negative effect on the detection results.

5. Conclusio ns

In this paper, a novel 3D detection method for obstacles with 
few or zero corresponding samples is proposed on the basis of a
enarios. (a–d) Cement road, (e–h) nontilled soil, (i–l) wheat field.
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multimodal feature representation mechanism. Eliminating atti-
tude deviations according to attitude information from the BDS 
and the IMU increases the accuracy, reliability, and uniformity of 
multimodal data. By encoding semantic, geometric, and intensity 
features from original multimodal data, essential relationships 
among categories are captured. By identifying intracategory simi-
larities and intercategory distinctions via a semantic-geometry-
intensity fusion representation space, the proposed method effec-
tively bridges category gaps with a limited number of labeled sam-
ples. Real field experiments reveal that the proposed method
reduces the dependence on training samples by 30%–40%, and
the precision rate, recall rate, F1 score, and detection speed are
95.03%, 97.01%, 96.01%, and 16.56 FPS, respectively. Even in com-
pletely unknown scenarios (i.e., obstacle categories that lack any
corresponding training samples), the proposed method still main-
tains an acceptable F1 score of 81.63%.

While the results prove that the proposed method achieves an 
encouraging trade-off among detection performance, operational 
efficiency, and data dependency, several limitations still exist. In 
this work, the extrinsic parameters of multi-sensors are precali-
brated and fixed and may not be robust enough to obstacles with
variable scales. Future work will explore scale-adaptive multi-
modal registration strategies to improve the generalizability for
multiscale obstacles.
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