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TractorRoadBEV: A BEV-Based
Multi-View Camera Fusion Model for
3D Object Detection on Tractor Road

Lili Yang, Mengshuai Chang, Xiao Guo, and Jiale Li

Abstract—Multi-view image fusion for three-dimensional (3D)
object detection in agricultural scenarios has received limited
research attention. To address this issue, we propose Tractor-
RoadBEV, a multi-stage multi-view perception framework. The
proposed framework first performs two-dimensional (2D) object
detection and mask enhancement to extract object-aware features
from images. The multi-view features are then transformed into a
unified bird’s eye view (BEV) representation through a depth
mapping module and a spatial unification module. Subsequently,
a temporal fusion module integrates the current BEV feature
map with historical BEV features to enhance temporal consis-
tency. Finally, the fused BEV feature map is decoded to obtain 3D
object detection results. Experimental results on the constructed
tractor road dataset show that TractorRoadBEV achieves F1
scores of 0.8307 and 0.8166 for person detection and vehicle
detection, respectively, which significantly outperforms the classi-
cal monocular detection method Deep3DBox. In addition, the
backbone network of TractorRoadBEV demonstrates strong
generalization capability in BEV scene segmentation, achieving an
intersection over union (IoU) of 0.602, which is 0.151 higher than
that of the classical lift-splat-shoot (LSS) method. These results
indicate that the proposed method provides a low-cost, efficient,
and scalable perception solution for autonomous agricultural
machinery in tractor road environments.

Index Terms—Bird’s eye view (BEV), three-dimensional (3D)
object detection, multi-camera, multi-stage, tractor road

I. INTRODUCTION

ITH global agricultural production facing labor

shortages, and with growing demands for higher

operational efficiency and precision agriculture,
autonomous driving technology is becoming a core direction
for the development of modern agricultural machinery [1-3].
At the same time, the level of autonomous driving intelli-
gence is directly related to how well the vehicle can sense its
surroundings [4, 5]. In agricultural scenarios, the tractor road
presents one of the most complex environments for agricul-
tural machines, primarily due to its diverse types and low
degree of structuring. In order for agricultural machinery to be
able to drive autonomously, accurate three-dimensional (3D)
detection of major objects on the tractor path is essential.
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Cameras are widely used in 3D object detection in
autonomous driving because of their low cost, ease of integra-
tion and deployment, and the ability to obtain rich texture
information. Many camera-based solutions have been propo-
sed. Early traditional algorithms [6—8] mainly relied on geo-
metric knowledge and optical models as their theoretical foun-
dation. Then, detection was completed by manually designing
and extracting features, combined with the assistance of some
prior information. Due to their simple model architectures,
these methods are very efficient. However, their heavy depen-
dence on handcrafted features and simplified assumptions
about real-world scenes limits their generalization ability and
makes them less effective in complex environments.

In recent years, many deep learning-based monocular meth-
ods [9-11] have been proposed. By training on large-scale
datasets, these methods can learn feature representations and
3D structural information of objects from images, and then
perform end-to-end object detection. Some methods [12-14]
have also achieved good results by combining prior informa-
tion, decomposing tasks, and performing multi-stage feature
extraction. These methods often have good generalization, but
in actual deployment, the settings of monocular camera will
be limited by the field of view. The perception range of
monocular camera is difficult to meet the needs of
autonomous vehicles. To address this limitation, some large-
scale and high-impact datasets [15, 16] were proposed. They
often adopted a multi-camera, multi-perspective deployment
solution to perceive a wider range. However, when a monocu-
lar method is deployed on a multi-camera platform, the infer-
ence of the algorithm needs to be performed separately for
each camera view [17]. This not only needs extra post-
processing of each camera’s detection results based on its
positional relationship, but also linearly increases the need for
computing power and processing time. To solve the problem
of field of view limitations of a monocular camera, deep
learning-based multi-camera algorithms have emerged. The
bird’s eye view (BEV) paradigm [18-21] is a typical represen-
tative. These methods extract BEV features around a vehicle
body by combining features from cameras in different
perspectives, and then perform downstream segmentation,
detection, and tracking tasks in a unified manner. Compared
with the monocular camera algorithm, it not only solves the
field of view limitation but also avoids extra post-processing
operations. It also avoids repeated calculations for object


mailto:llyang@cau.edu.cn
mailto:llyang@cau.edu.cn
mailto:llyang@cau.edu.cn
mailto:llyang@cau.edu.cn
https://doi.org/10.62678/IJICS202603.10309

62 THE INTERNATIONAL JOURNAL OF INTELLIGENT CONTROL AND SYSTEMS, VOL. 31, NO. 1, MARCH 2026

perception in the camera’s common view area to a certain
extent, as well as the misdetection problems that are easily
caused by monocular camera. However, this paradigm is often
applied to large-scale datasets, and an end-to-end model is
often used to ensure generalization, which often requires high
computation power. In addition, most current solutions are
based on structured traffic scenarios, and research on unstruc-
tured or semi-structured agricultural traffic scenarios such as
tractor roads is still in the exploratory stage.

Tractor roads are often unstructured and usually lack clear
boundaries. Therefore, we propose a low-cost, efficient, easy-
to-deploy, and scalable real-time multi-camera fusion percep-
tion model, TractorRoadBEV, for the small-scale tractor road
scenario by combining the advantages and disadvantages of
existing methods. We collected and constructed a tractor road
multi-camera object detection dataset by using a light detec-
tion and ranging (LiDAR) to simultaneously drive three
cameras from different perspectives. Then, we propose Trac-
torRoadBEV to complete 3D object detection by using a
multi-stage model. In the multi-view feature fusion stage, a
mature two-dimensional (2D) object detector is first used to
separately recognize 2D objects from images of different
views and add image masks so as to assist the depth mapping
module in quickly locating the object region. Then, the depth
features of each view image output by the depth mapping
module are spatially unified to obtain a preliminary BEV
feature map. And then the temporal fusion stage fuses the
initial BEV feature map with the historical BEV feature map
to obtain the final BEV feature map. Finally, in the 3D object
detection stage, the resulting BEV feature map is decoded by
different detection heads to obtain 3D information about the
objects in the scene.

TractorRoadBEV overcomes the field of view limitations of
monocular camera through a multi-camera setup and greatly
reduces the cost of extended deployment. Compared with
most BEV methods, its multi-stage method causes cumulative
errors to a certain extent and reduces generalization. However,
it can also work in specific scenarios with small datasets. In
addition, the multi-stage method is easy to debug and modify,
and specific prior knowledge can be added to compensate for
cumulative errors in specific scenarios. These characteristics
make TractorRoadBEV a good fit for the agricultural tractor
road scenario constructed in this paper.

II. RELATED WORK

In recent years, in the field of autonomous driving technol-
ogy, thanks to the low cost of camera equipment and its natu-
ral fit with the human visual perception mechanism, a series
of purely visual 3D object detection algorithms based on deep
learning has been continuously proposed [22, 23]. While
maintaining low cost, these algorithms have achieved signifi-
cant performance and provide important technical support for
the perception capabilities of autonomous driving systems.

A. Single Camera 3D Object Detection Algorithm

Mono3D [12] performs 3D object detection in two stages. It
generates dense 3D candidate boxes, then scores them by
extracting image features and combining positional prior

information and semantic context to obtain accurate 3D detec-
tion boxes for objects. This method achieved good perfor-
mance in the KITTI [24] benchmark test, but its dense
sampling requires a high computation power. Afterwards,
Deep3DBox [13] directly learns 3D information with less
variance between different objects based on a 2D object detec-
tion network and calculates the information of the 3D box.
Compared with Mono3D, this algorithm has a simple architec-
ture, which greatly reduces inference time. However, for the
multi-stage approach, cumulative errors are always inevitable.
Therefore, SMOKE [9] abandons 2D object detection and
achieves monocular 3D detection solely through keypoint esti-
mation and direct regression of 3D bounding boxes. Fcos3d
[10], on the other hand, achieves good results by decoupling
3D attributes and then conducting multi-layer 3D predictions
guided by 2D information while freeing itself from any 2D
detection and the prior associations from two to three dimen-
sions. PGD [25] further proposes a customized detection head
module to improve the depth regression part of Fcos3d.
However, these end-to-end methods often require a large
amount of data to support training. In addition to monocular
cameras, stereo cameras are also widely utilized in object
detection. Stereo-RCNN [26] simultaneously detects and
correlates objects in the left and right images, then combines
the 2D bounding boxes from these images with predicted key
points, viewpoints, and object sizes to estimate a rough 3D
bounding box, and finally refines the estimate to an accurate
3D box using region-based photometric alignment. SGM3D
[27] introduces a multi-granularity domain adaptation module
and an alignment method based on intersection over union
(IoU) matching, using the 3D features learned from stereo
images to enhance the features for monocular detection. These
single-camera methods each have their own strengths and
weaknesses, fitting various scene requirements, but they all
face challenges in scalability when it comes to practical
deployment. MonoDETR [28] adopts a depth-guided trans-
former, in which each object adaptively estimates its 3D
attributes by querying depth-guided regions in the image,
rather than relying on local features. MonoDINO-DETR [29]
employs a vision transformer (ViT) based design and intro-
duces a hierarchical feature fusion module to enhance object
localization capability.

B. Multi-Camera 3D Object Detection Algorithm

To address the scalability and field-of-view limitations of
single cameras in autonomous driving perception, research on
multi-camera configurations is continuously advancing.
Among these, the BEV paradigm stands out due to its unified
feature representation, offering significant advantages in data
fusion, spatial understanding, and multi-task scalability.
Currently, methods based on BEV are mainly divided into two
categories: bottom-up approaches and top-down approaches.
Bottom-up approaches first extract spatial features from each
camera view and then project them into the BEV space using
the camera’s intrinsic and extrinsic parameters. The multi-
view features are then fused to generate BEV representations
for downstream tasks. Lift-splat-shoot (LSS) [18] created a
bottom-up basic paradigm for BEV perception through three
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steps: (1) lift: probabilistic prediction of discrete depth values
for each perspective image to obtain depth features; (2) splat:
pooling depth features from each perspective into voxels at
corresponding positions in BEV space to obtain BEV features;
and (3) shoot: using different task heads to process BEV
feature maps and output perception results. BEVDet [19]
follows the LSS structure and effectively acts on the subse-
quent network by performing additional data augmentation in
the BEV space to prevent overfitting of the model while also
introducing scale non-maximum suppression (NMS) to
improve the robustness of the model. BEVDet4D [30] further
incorporates a temporal fusion mechanism on top of BEVDet,
further improving the detection accuracy.

In contrast, top-down approaches first initialize sparse or
dense 3D features in the BEV space and then obtain BEV
features through feature interaction and fusion with each
camera. DETR3D [20] initializes multiple object queries in
the BEV space and maps out the corresponding 3D reference
points. These points are then projected onto 2D images from
different viewpoints using intrinsic and extrinsic parameters,
followed by feature interaction through the network. The
results are matched one by one using the Hungarian matching
algorithm, eliminating the need for the previous NMS post-
processing stage. Unlike DETR3D, BEVFormer [21] does not
define a query for each object. Instead, it defines a fixed-size
pillar grid, where each pillar corresponds to a query. Through
a self-attention mechanism, each query corresponds to a 2D
reference point, and cross-attention samples height values,
ultimately generating dense BEV features for 3D object detec-
tion. CorrBEV [31] focuses on the occlusion problem by
introducing auxiliary prior knowledge and a random pixel
dropping strategy to simulate occlusion.

Although these BEV methods have good scalability and
generalizability, they require high computation power and
data. The end-to-end paradigm makes it difficult to integrate
prior knowledge in specific scenarios and is not friendly to
small datasets.

III. MATERIALS AND METHODS

A. Dataset Production

We utilized the DF2204 tractor equipped with an industrial
computer, an 80-line LIDAR, and three cameras to form a data
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Nuvo-8108GC

LiDAR

il

RS-Ruby lite

Fig. 1 Data acquisition platform.

acquisition platform, as shown in Fig. 1. The LiDAR is
installed on a horizontal bar 1.33 m above the ground. The
three cameras are spaced 10.00 cm apart horizontally: the
front camera faces directly ahead, while the left-front and
right-front cameras are tilted at 45° towards the left-front and
right-front, respectively. The maximum distance of the blind
spot between adjacent cameras is 36.34 cm, with a blind spot
area of 181.2 cm?2, which is triangular and unable to cover the
space occupied by a person. This arrangement ensures a
certain overlap in the field of view within the maximum visi-
ble range, and the size of the blind spots meets the actual
operational requirements. The entire camera system is
installed on a bar 1.03 m above the ground, maintaining the
same vertical coordinate axis as the LIDAR sensor, and is trig-
gered synchronously for data collection by the LiDAR. The
industrial computer is installed in the tractor’s cab and
receives data collected by the LiDAR and camera sensors via
an Ethernet protocol.

Detailed parameters of each device are shown in Table 1.

Data acquisition was carried out in Henanzhai Town, Miyun
District, Beijing, in March 2024. The operator drove the agri-
cultural machinery at a constant speed of no more than 20
km/h on the tractor road for approximately 1 h, resulting in a
total of 765 GB of valid data. We utilized the SensorsCalibra-
tion [32] toolbox to perform extrinsic calibration of the
cameras and LiDAR using the acquired data. By applying Eq.
(1), we aligned the coordinate systems of the three cameras to
the central reference of the camera system.

lidar -plidar—! T :
Fx.2) =Tegnter Lcam  [%Y,2, 117, cam € {left, front, right}
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where (x,y,z) represents the coordinates of each camera coor-
dinate system, Tigigr represents the projection matrix from
the LiDAR coordinate system to the center of the camera
system, and 714" represents the projection matrix from the
LiDAR coordinate system to each camera coordinate system.
The above equation can be used to transform the coordinate
systems of all cameras to the central coordinate system of the
camera system. We then selected 11 driving sections with
abundant detection objects and used the point cloud data
acquired by the LiDAR as the ground truth to label the 3D
bounding boxes of the two main objects in the scene, person,
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Table 1 Device parameters.

Device name Device model

Key parameters

Industrial computer Nuvo-8108GC

80-line LIDAR RS-Ruby Lite
Front camera
MVL-MF0828M-8MP
MV-CS020-10GMGC

MVL-HF0624M-10MP

Front lens
Left/right-front camera
Left/right-front lens

MV-CS050-10GMGC-PRO  Acquisition frequency:

Acquisition frequency:

Focal length: 6 mm and field of view: D 72.96°, H 62.46°, and V 44.05°

CPU: Intel (R) Core (TM) i9-9900K@3.60 GHz, GPU: NVIDIA GeForce RTX 3060, and

memory: 32 G

Acquisition frequency: 10 Hz, vertical field of view: 40° (—25°-15°), vertical resolution: 0.1°, and

horizontal resolution: 0.2°
10 Hz, resolution: 1224 x 1024, pixel format: RGB 8, and sensor type: CMOS

Focal length: 8 mm and field of view: D 68.46°, H 54.97°, and V 47.06°

10 Hz, resolution: 1624 x 1240, pixel format: RGB 8, and sensor type: CMOS

and cars, with reference to the labeling process in NuScenes
[15]. We obtained the ground truth 2D bounding boxes for
each perspective by projecting the 3D labels onto the corre-
sponding images. In the end, we labeled a total of 2362 frames
of tractor road scene data. After that, we divided the dataset
into a training set, a validation set, and a test set in the ratio of
70%, 15%, and 15%, including 1654 frames of training data,
354 frames of validation set, and 354 frames of test set. Thus,
a multimodal 3D object detection dataset based on tractor road
scenes was constructed.

B. Methodology

In this paper, we propose TractorRoadBEV, a 3D object
detection network based on three-view camera fusion.

As depicted in Fig. 2, the TractorRoadBEV network is
comprised of five modules. The network is broadly divided
into three stages, with modules (a), (b), and (c) carrying out
multi-view image fusion, module (d) performing temporal
fusion, and module (e) conducting 3D object detection. First,
the multi-view image fusion stage processes synchronized
images from three cameras to generate an initial BEV feature
map. Second, the temporal fusion stage refines this map by
incorporating historical BEV features. Finally, the 3D detec-
tion stage decodes the fused BEV features to output 3D
bounding boxes for objects. The process is detailed as follows.
a. Multi-View Image Fusion

(1) 2D detection and mask enhancement. When estimat-
ing the depth of an image, it is necessary to estimate the depth
for each pixel in the image. However, in object detection
tasks, our focus is on the objects within the scene rather than

1. Multi-view image fusion

Masked image
3 ¥

& o

the entire scene. Therefore, we use YOLOv10 [33] to perform
2D recognition of the objects in the image and then add a
center mask based on the object’s 2D bounding box to enrich
the features of the area where the object is located in the
image. In real-world scenarios, persons, as non-rigid objects,
exhibit a wide variety of poses. In addition, 2D bounding
boxes of persons often contain a significant amount of back-
ground noise, while cars are prone to occlusion by foreground
objects. To address these issues, we add masks with different
weights to the regions where objects are located in the image
based on the position of each pixel. The calculation equation
for the image center mask is

(= 1)’ +(v=v0)? @
w2+h?
where u and v are the pixel coordinates within the 2D object
area in the image, ugy and v are the coordinates of the object’s
center point, w is the width, and & is the height of the 2D
object. The weights are calculated based on the distance of
each pixel from the center point in the object area. If the same
pixel belongs to multiple objects, the maximum value among
the results is taken, and non-object areas are filled with 0. The
resulting weights are concatenated as the fourth-dimensional
feature to the original image. Let X € R¥>*Wx*Hx be the scaled
original image, where W, =352 and H, = 256. After concate-
nating the mask, the image channel features are represented by
C, with each pixel represented as (R,G,B,¢). Thus,
Xmask € REWXHx s the image with the added mask, as shown
in Fig. 2(a). According to Eq. (2), pixels in the object area are
assigned different weights based on their distance from the

Euv)=1-

I
II. Temporal fusion

I
- 111. 3D object detection

Fig. 2 TractorRoadBEV network structure.
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center of the object image. Points closer to the center will
have a higher weight.

(2) Depth estimation and feature lifting. Subsequently,
the EfficientNet [34] network backbone is used to extract
features from the masked image X € ROWHx to obtain
F e RPHCWyxHy “where C represents the number of chan-
nels in the feature map, and D represents the probability of
predicting D depths in the perspective direction for each pixel
in the image. The probability distribution RP*Wr*Hr is then
outer-producted by RE>Wr*H; to get the depth feature
F e RPXCpWpxHy - where D=76, Cy=64, Wy=64, and
Hy=22. This associates each pixel’s features with every
depth estimation value for that pixel, further assisting the
model in depth estimation, as shown in Fig. 2(b).

(3) BEYV feature pooling. Considering the driving safety of
agricultural machinery, we preset the BEV space to be a rect-
angular area in front of the car and divide it into a voxel grid.
In terms of the longitudinal range, statistics from our dataset
show that images of persons beyond 76 m account for a rela-
tively small proportion of the entire image, making 2D detec-
tion fairly difficult. For the lateral range, considering the turn-
ing areas at intersections, it needs to be wider than the typical
width of a tractor road. However, dividing the grid too densely
in both horizontal and vertical directions would significantly
increase the computational load, while too sparsely would fail
to accurately represent the object features. Therefore, we set
the horizontal and vertical dimensions to be comparable to the
size of a person, while the height feature is expressed
uniformly without dividing the grid. The final preset BEV
space range, as shown in Fig. 3, uses the camera system center
O as the origin. The perception range along the direction of
car travel is from 0 to 76 m, divided into 152 grids with a 0.5
m interval. The perception range perpendicular to the direc-
tion of car travel is from —24 to 24 m, divided into 96 grids
with a 0.5 m interval. The height direction perception range is
from —5 to 5 m, with no grid division.

Depth features estimated from images under different view-
points are represented as F € RPXCr<WrxHr  These features
are then indexed to the predefined BEV space based on their
respective camera intrinsic parameters / and extrinsic parame-
ters E. Features that fall outside the predefined range are
discarded, and overlapping features within the camera’s
common view area are accumulated and aggregated. The final
result is a BEV feature map G € RC*Ls*Ws that integrates the
depth features from different viewpoints, where L, = 152 and
W, =96. The size is consistent with the predefined BEV

AZ
AN Na— <\\,f}8m
< .. N
SRR NANANR V2
\y A10m
7\(;/m /

Fig. 3 Preset BEV range.

perception space, and the number of feature channels for each
grid voxel is C, = 64, as shown in Fig. 2(c).
b. Temporal Fusion

The movement of objects relative to the agricultural
machinery in a scene is continuous. Considering that the driv-
ing speed of agricultural machinery is generally low, the
change in the 3D information about objects between adjacent
frames will not be significant. Therefore, in BEV perception,
the BEV feature maps of historical frames theoretically have
rich reference value for the perception of the current frame.
Hence, the model proposed in this paper employs a temporal
fusion architecture, as shown in Fig. 4. The preliminary BEV
feature map of the current frame is combined with that of the
previous frame and input into the temporal fusion module to
fuse historical information, thereby obtaining the final BEV
feature map of the current frame. The temporal fusion module
is shown in Fig. 2(d).

The detailed architecture of the temporal fusion module
network is shown in Fig. 5. The current preliminary feature
map G eRe*We and the historical BEV feature map
G e RO*LexWe are concatenated, and then a convolution
operation is applied to obtain the feature map G € ROLexWe
This feature map is then fed into a feature extraction netw-
ork layer composed of ResNet layers [35], resulting in feat-
ure maps G; € ROLexWe G, e R128xLe/2xLe/2  gnd Gy €
R236xLg/4xLg/4 sequentially. After that, each layer’s feature
map is upsampled and concatenated with the feature map of
the previous layer before being input into a convolutional
layer. Through this multi-level feature extraction and fusion,
the fusion with the historical BEV feature map is ultimately
achieved, resulting in the BEV feature map G’ of the current
frame € RO LexWe
¢. 3D Object Detection

The final BEV feature map is fed into the last detection
heads to sequentially detect the category, location, dimension,
and orientation of objects within the scene. Considering that in
the specific scenario of tractor road, the sizes of both persons
and cars vary within a certain range, we calculate the average
size for each type of object by statistically analyzing the sizes
of persons and cars in the annotated data. Based on these aver-
ages, a template 3D bounding box is created for each cate-
gory and used as prior information. When the network
performs regression on the objects, it only regresses the devia-

BEV head

'
BT-\

lii’li‘
-

[ Multi-view image feature fusion stage J

-

BEV feature €P Feature (@ Temporal fusion module

concatenation

Fig. 4 Temporal architecture.
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Convolution layer 1

Contact

I

ResNet
layer 2

ResNet
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Fig. 5 Temporal fusion module.

tion from the template size. In this way, the network can iden-
tify the object category and also obtain the template size of the
object based on prior information and then only fine-tune it
based on this to return the actual size information. This not
only reduces the difficulty of network regression but also
makes the regression of size more accurate. For the detection
of object orientation, with the positive direction of the y-axis
of the agricultural machinery perception coordinate system
shown in Fig. 3 set as 0° and the counterclockwise direction as
positive, this paper divides the 360° orientation into 6 cate-
gories, each spanning 60°. Within each category, a more
precise angle is regressed. On the basis of classification,
further regression is carried out within the category to a more
refined perspective. By adopting a mixed approach of classifi-
cation on a large range and regression on a small range [13],
more accurate orientation detection can be achieved. In order
to save computational overhead, an anchor-free detection
method is used throughout, where a fixed number of objects
are detected in each frame of the scene. If the number of
objects is insufficient, the scene is filled in by setting the
background class.

3D object detection loss function: For category detection,
we use the commonly used cross-entropy loss function, as
shown in Eq. (3).

c
La(in$) = ) vielog (softmax (3ic)) (3)
c=1
where y; denotes the true value of the object, §; denotes the
detection value, and C = 3 denotes the number of object cate-
gories, including persons, cars, and background, respectively.
For the loss of location and dimension is calculated as shown
in Eq. (4).

L D
LG50 = ) =9+ > (via = Fia)*+ A
=1 d=1 ( )

We X Leomer (Vis Di)

The mean squared error is used to supervise the position and
size, where L = 3 represents the number of position dimen-
sions and D = 3 represents the number of size dimensions. In
addition to this, we introduce the corner loss Lgomer [36] for
overall supervision of the position and size, where w, = 0.5

By

Contact

Up

samplcgé

Convolution layer 2

Convolution layer 3

Contact

denotes the weight of the corner loss. Specifically, based on
the detected 3D position coordinates and size information, the
8 corners of the object’s 3D bounding box can be calculated.
The distance deviation between the detected values and the
ground truth values at the corresponding corner positions is
used as the corner loss to supervise the object’s position and
size, as shown in Eq. (5).

K K
Loomer (i-91) = min(z i = Y3l > Iy —y;-*,:‘n) (5)
k=1 k=1

where K =8 is the number of corners of the object’s 3D
bounding box, and y; represents the corner information at the
ground truth position of the object. In actual detection, there
may be cases where the orientation recognition of the object is
flipped, such as the rear and front of a car or the front and
back of a person. In such situations, the detection of the
object’s position and size might still be accurate. Therefore, in
order to avoid excessive position errors of the corners caused
by the orientation-recognition flip, we flip the orientation of
the real 3D bounding box to obtain the new corresponding
corner positions y;*. The position errors of the corners for the
two corresponding relationships are calculated, and the mini-
mum value is taken as the final corner loss. The calculation of
the orientation loss is shown in Eq. (6).

0
Lori (3i:91) = ). i log (softmax (§i,)) +
o=1 (6)
Wo X Vicos X Jicos + Visin + Visin)

The orientation loss is composed of classification error and
angle error, where O = 6 represents the number of angle cate-
gories, and w, = 0.4 denotes the weight of the angle error. The
angle error is measured by the cosine of the angle deviation.

The anchor-free detection loss is found by first finding a set
number of objects in each frame of the scene, such as persons,
cars, and backgrounds. Then, Eq. (7) is used to find the best
match with the ground truth label, and then the loss is calcu-
lated further.

N
0 =arg minz Linatch (Yia}A’O'(t)) (7

o€y 7
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where N =20 is the number of detection objects in a scene
frame, and the value of N is necessarily greater than the
number of objects in a single frame within the dataset. For the
ground truth labels, null values @ are used to fill in order to
match the detection quantity N. The Hungarian matching
algorithm is employed to obtain the lowest matching cost
between the detection values y and the ground truth labels 3.
Under the optimal matching, the total loss is calculated by the

Eq. (8).

N
Ly, ) = > X Let(yis o)+ ®
i=1

Lz (BX Lia(yi, Do) + LoriisJowy)]
where @ =0.5 and 8=0.6 denote the weights of different
losses, (i) denotes the best matching relationship of each
object, combined with the category loss, and the positional
dimensions as well as the orientation loss are computed for
non-backgrounded objects to compose the total loss.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

A. Experimental Setup

The experimental platform is Ubuntu 20.04.3 Long Term
Support, equipped with an NVIDIA GeForce RTX 3090 and
64 GB of memory. It is installed with the CUDA 11.1 devel-
opment environment. The CPU model is Intel (R) Xeon (R)
CPU ES5-2696 v3, with 18 high-performance cores. We use
the mainstream Python 3.8.13 and PyTorch 2.4.1 as the progra-
mming language and deep learning framework, respectively.
We set the model training with a batch size of 12, a learning
rate of 0.001, and a weight decay of 1x 1077 After 100 itera-
tions of training on the platform, convergence is achieved. We
conduct performance evaluation experiments on the Tractor-
RoadBEV using a self-built dataset of tractor roads.

B. Ablation Experiments

We conducted ablation studies on three key modules in the
model: the center mask, temporal fusion, and corner loss.
Referencing the KITTI standard, an IoU > 0.7 for cars and an
IoU > 0.5 for pedestrians are considered the correct identifica-
tion. Table 2 displays the results on the validation set.

Table 2 demonstrates how each strategy contributes to the
model’s enhanced performance in 3D object detection. With
the incorporation of each strategy, there is a notable increase
in the F1 score. The center mask strategy improved the mo-
del’s precision and recall by 1.14% and 1.37%, respectively.
The addition of the center mask helped the model to initially
pinpoint the object area and made a rough distinction between

noises, which in turn better supported the subsequent detec-
tion tasks. The temporal fusion module further enhanced the
model’s precision and recall by 0.69% and 0.68%, respec-
tively, indicating that the temporal fusion module also effec-
tively established the relationship between consecutive frames
to assist in detection. The introduction of the corner loss
increased the model’s precision and recall by 0.41% and
2.46%, respectively. Since unmatched boxes cannot compute
the corner loss, the supervision of the corner loss does not
significantly improve the detection of false positives, and the
precision improvement is limited. However, for matched
objects, the corner loss can better supervise the 3D bounding
boxes to align with real-world conditions, which significantly
improves the recall rate.

It is noteworthy that, as observed in Table 2, the temporal
fusion module offers a very limited improvement to the
model’s performance. We believe that the temporal fusion
module is responsible for establishing the relationship
between consecutive frames, using the results identified in the
previous frame to aid the detection in the current frame. Our
analysis of the dataset used in this paper indicates that if an
object is detected in the previous frame, it is highly probable
that it will also be detected in the next frame; conversely, if it
is not detected in the previous frame, it is likely to remain
undetected in the subsequent frame. During the temporal
process, the temporal fusion module can correct some
instances where objects are detected in the previous frame but
not in the next; however, the proportion of such data is not
high. Therefore, the limited enhancement in precision and
recall by this module may be constrained by the nature of the
data itself. We compare the reasoning results to the validation
set by ablating the temporal fusion module, and the visualiza-
tion of these results is presented in Fig. 6.

Fig. 6 shows the model’s detection of a car and a person in
consecutive frames 7 and 7 + 1. For the person in the scene,
without the temporal fusion module, the model has detected
the person in frame 7 but failed to detect them in frame 7+ 1,
possibly due to the similarity in color between the person’s
clothing and the background. The inclusion of the temporal
fusion module corrected this issue. In addition to accuracy, the
task of 3D detection should also focus on the stability of
object detection; that is, the changes in the 3D bounding box
detection results for the same object across a sequence of
continuous frames should exhibit continuity. The temporal
fusion module, which establishes the relationship between
consecutive frames, should help to enhance this stability. To
validate this hypothesis, we selected a sequence of frames
over a period of time and conducted a stability test on the size

Table 2 Comparison of validation set ablation (IoU_,. > 0.7 and 10U erson > 0.5).
Model Center mask Temporal fusion Corner loss Precision (%) Recall (%) F1 score
— — — 85.81 85.11 0.8546
y — — 86.95 86.48 0.8671
TractorRoadBEV
y J — 87.64 87.16 0.8740
y J y 88.05 89.62 0.8883

Note: Y means that the relevant policy is used, and — means that the relevant policy is not used.
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Fig. 6 Temporal fusion module visualization comparison chart.

of a detected car. Unlike persons, cars, as rigid objects, have a
fixed size that does not change over time in real-world scenar-
ios. Therefore, the detected size of the car in the model’s
detections should not vary significantly. We calculated the
average absolute deviation in the size of the detection results
for this object over the selected time period. The experimen-
tal results are shown in Table 3.

Table 3 Comparison of dimensional average absolute deviation.

Temporal fusion module Length (m) Width (m) Height (m)
Without 0.122152 0.023828 0.02084
With 0.072693 0.003064 0.00847

The average absolute deviation in the size of the 3D bound-
ing box is a good measure of the stability of object detection
size. As observed in Table 3, the temporal fusion module
significantly improves the size stability of object detection.
The average absolute deviations in length, width, and height
are all significantly lower than those of the model without the
temporal fusion module, with reductions of 0.049459,
0.020764, and 0.01237 m, respectively. This further demon-
strates the effectiveness of the temporal fusion module in estab-
lishing relationships between consecutive frames to assist the
model. In this paper, we extracted 10 frames at fixed time
intervals, and the visualization results are shown in Fig. 7. It
can be intuitively observed that the addition of the temporal
fusion module improves the stability of the detected object size.

C. Comparative Experiments

We compare our multi-view fusion approach against
Deep3DBoxk, a classic two-stage monocular detector designed

Without
temporal module

With
~ temporal module
|

for single forward-facing cameras. It first detects 2D objects
then regresses 3D attributes, a paradigm that performs well on
our dataset. We select it for two reasons: (1) its multi-stage
philosophy aligns with ours, enabling a meaningful compari-
son; and (2) its modular design allows us to integrate the same
2D detector YOLOvV10 and object priors, and we adopt its
best-performing backbone MobileNetV3 [34, 35] for a fair
benchmark. To handle multi-view input, we apply
Deep3DBox independently to each view and fuse results in
3D space using camera extrinsics, a standard extension that
exposes its limitations in cross-view truncation and fusion. In
contrast, TractorRoadBEV fuses features within the network,
avoiding redundant computation and reducing false positives
in overlapping views—a key improvement. The comparison
results of the two models on the test set are shown in Table 4.
As shown in Table 4, the TractorRoadBEV proposed in this
paper achieves a significantly higher F1 score for object
detection on the tractor road test dataset compared to the clas-
sic algorithm Deep3DBox. TractorRoadBEV also exhibits
overall better performance than Deep3DBox in the detection
of both persons and cars, with F1 scores that are 0.0148 and
0.0134 higher for the two categories, respectively. We also
note that, whether considering the overall object detection or
the individual categories of persons and cars, TractorRoad-
BEV shows a slightly lower recall rate compared to
Deep3DBox, while significantly outperforming Deep3DBox
in precision. The recall rates of TractorRoadBEV for persons
and cars are 0.47% and 0.64% lower than those of
Deep3DBox, respectively, while the precision rates are 3.46%
and 3.39% higher. We analyzed that for the monocular detec-
tion algorithm Deep3DBox to detect multi-view images, our
strategy was to test each camera separately and then integrate

Fig. 7 Dimensional stability comparison.
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Table 4 Comparison of the results of the 3D frame detection of the object on the test set.
Model Persons (IoU > 0.5) Cars (IoU > 0.7) Average
Precision (%)  Recall (%) F1 score Precision (%)  Recall (%) F1 score Precision (%)  Recall (%)  F1 score
Deep3DBox 80.93 82.27 0.8159 80.06 80.58 0.8032 80.57 81.56 0.8106
TractorRoadBEV 84.39 81.80 0.8307 83.45 79.94 0.8166 83.99 81.01 0.8247

the results into the same space using the camera’s extrinsic
parameters. Monocular detection of objects at the image
edges, due to truncation and other factors, inherently has some
instability, and when combined with systematic errors of the
camera’s extrinsic parameters, Deep3DBox easily misidenti-
fies these objects, leading to many false positives. In contrast,
TractorRoadBEV effectively fuses image features from differ-
ent viewpoints within the network, greatly reducing the
number of false positives. Additionally, the time required for
multi-view detection with a monocular algorithm increases
linearly with the number of images. In our comparison, the
average processing time for TractorRoadBEV is 84.9 ms,
while Deep3DBox takes 264.7 ms, which is significantly
longer than the method proposed in this paper. We have
selected some visualized comparison results, as shown in
Fig. 8.

Fig. 8 Comparison of 3D inspection visualization of test set models.

Figs. 8(a)-8(c) display the detection results of Deep3DBox,
show the detection results of our proposed model, Tractor-
RoadBEV, and provide the annotated ground truth. It can be
seen that for the car in the scene, which is in the overlapping
field of view of the left front and front cameras, Deep3DBox
results in a false detection. In contrast, TractorRoadBEV
effectively integrates the object across the overlapping view-
points. For the distance and orientation errors of the car detec-
tion in the image, Deep3DBox has errors of 1.05 m and 1.244
rad, respectively, while TractorRoadBEV has errors of only
0.05 m and 0.400 rad, respectively.

For the orientation error of the person in the front view,
Deep3DBox has an error of 0.460 rad, whereas TractorRoad-
BEV has an error of 0.200 rad, clearly illustrating the superi-
ority of TractorRoadBEV.

D. Extended Experiments

Leveraging its unified BEV representation, our model read-
ily extends to other tasks. We demonstrate this by adapting it

for BEV segmentation and comparing against LSS, a founda-
tional bottom-up BEV method that serves as the de facto base-
line for multi-camera BEV segmentation. LSS excels on
massive datasets but its frame-by-frame lifting makes it noise-
sensitive in small-data scenarios. By replacing only the detec-
tion head, TractorRoadBEV (with mask-enhanced and tempo-
ral fusion) achieves superior segmentation, validating its
effectiveness beyond object detection and its robustness to
limited agricultural data. TractorRoadBEV uses the same
detection head and loss function as LSS. The comparison
results on the test set are shown in Table 5.

Table 5 Comparison of test set scenario segmentation results.

Model ToU
LSS 0.461
TractorRoadBEV 0.602

Table 5 shows that the IoU of the TractorRoadBEV
proposed in this paper is 0.151 higher than that of LSS in the
scene segmentation of the tractor road test set. This further
demonstrates the superiority of the TractorRoadBEV network
backbone in recognizing object features, as well as its good
expandability. Some visualized comparison results are shown
in Fig. 9.

[
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Fig. 9 Comparison of test set model scenario segmentation visualization.

Fig. 9(a) shows the multi-view images input into the model,
while Figs. 9(b)-9(d) represent the segmentation results of
LSS, TractorRoadBEV, and the ground truth annotations,
respectively. In the segmentation maps, the origin point O
denotes the location of the agricultural machinery, the arrow
indicates the direction of car travel, and the blue area repre-
sents the object’s location. From the segmentation results, it
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can be seen that TractorRoadBEV is more accurate than LSS
in segmenting both a nearby person and distant cars, and its
results are closer to the ground truth.

V. CONCLUSIONS

To address the limited research on multi-view camera fusion
for 3D object detection in agricultural tractor road scenes, we
propose a lightweight multi-view perception framework
named TractorRoadBEV. The main contributions are summa-
rized as follows.

(1) We propose a multi-view BEV perception model for
small-scale agricultural datasets. By introducing a central
mask strategy, the model focuses more effectively on object
regions and suppresses background noise. We further design a
temporal fusion module to capture correlations between
consecutive frames, improving both detection stability and
overall performance. Additionally, we design a loss function
incorporating corner loss, which effectively mitigates the issue
of missed detections. Experimental results show that Tractor-
RoadBEV achieves precision rates of 84.39% and 83.45% for
person and vehicle detections, with F1 scores of 0.8307 and
0.8166, respectively, on the tractor road test set.

(2) The proposed framework demonstrates good extensibil-
ity for different perception tasks. By replacing the detection
head, TractorRoadBEV can be adapted to scene segmentation
tasks, achieving an IoU of 0.602, which is significantly higher
than that of the classical LSS method.

(3) We construct a multi-view tractor road dataset contain-
ing diverse scene information to support future research in
agricultural autonomous driving. In future work, the dataset
will be further expanded to include additional environmental
conditions such as lighting variations and seasonal changes.
Moreover, we will incorporate inertial measurement unit
(IMU) information to spatially align historical feature maps
before temporal fusion, which may further improve the perfor-
mance of the temporal fusion module.
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