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ABSTRACT
In recent years, 3D object detection using neural radiance fields (NeRF) has advanced significantly, yet challenges remain in
effectively utilising the density field. Current methods often treat NeRF as a geometry learning tool or rely on volume rendering,
neglecting the density field's potential and feature dependencies. To address this, we propose NeRF‐C3D, a novel framework
incorporating a multi‐scale feature fusion module with channel attention (MFCA). MFCA leverages channel attention to model
feature dependencies, dynamically adjusting channel weights during fusion to enhance important features and suppress
redundancy. This optimises density field representation and improves feature discriminability. Experiments on 3D‐FRONT,
Hypersim, and ScanNet demonstrate NeRF‐C3D's superior performance validating MFCA's effectiveness in capturing feature
relationships and showcasing its innovation in NeRF‐based 3D detection.

1 | Introduction

3D object detection plays a crucial role in computer vision and
has important research value for efficient understanding and
interpretation of real‐world scenes. By integrating spatial in-
formation, 3D object detection can capture the position, pose
and dimensions of objects more accurately, providing a more
comprehensive perspective for in‐depth scene understanding.
This not only contributes to improving the robustness of
perception systems in complex environments but also offers
critical foundational support for applications in fields, such as
autonomous driving, robot perception, virtual reality and
augmented reality.

Although there have been notable advances, there remains
ample opportunity for exploration and innovation within 3D

object detection. Image‐based methods use single‐ or multi‐view
images as input to the network. However, due to the lack of
significant information, such as depth in images, which in-
dicates spatial geometric characteristics, many methods attempt
to compensate for this deficiency through manual design.
Monocular‐based methods Wang et al. [1], Weng and Kitani [2],
utilise depth maps or pseudo‐Lidar images to improve detection
performance. For another, multi‐view‐based methods Liu
et al. [3], Li et al. [4], Philion and Fidler [5], leverage Trans-
formers or camera calibration to map multi‐view 2D image
features into 3D space for 3D object detection. Despite signifi-
cant advancements achieved by image‐based methods, they are
still constrained by the inherent limitation of images. Point
cloud‐based methods Misra et al. [6], Qi et al. [7], Sheng
et al. [8], which provide abundant 3D geometric information,
have demonstrated their effectiveness on datasets. However,
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these methods heavily depend on precise data captured
by sensors. Meanwhile, multimodal methods Bai et al. [9],
Yan et al. [10], effectively combine the advantages of the two
aforementioned methods. However, they inevitably require
complex design and extensive computational resources.

The arrival of neural radiance fields (NeRF) Mildenhall et al.
[11] presents a novel alternative by extracting radiance infor-
mation (RGB) and density features of the original 3D scene
from multi‐view 2D images as input to the network. Hu et al.
proposed the first 3D object detection framework in NeRFs,
NeRF‐RPN Hu et al. [12], which can directly predict 3D region
proposals from radiance and density grid in neural fields.
However, radiance information and density feature are not
equally important for different tasks in neural fields. View‐
dependent radiance information can achieve high‐quality
scene reconstruction and rendering. For 3D object detection
task where only objects and backgrounds are concerned, density
features that can reflect geometric information are crucial.
Hu et al. [12] overlook the representation of the density field
within the neural field and does not fully utilise the dependency
relationships of the features. Meanwhile, channel attention
serves as an improvement that can help networks learn features
that are more important to the target task, thereby enhancing
the representation ability of these features in the network and
reducing interference with irrelevant information. Therefore,
we introduce channel attention for 3D object detection in
NeRFs for the first time, and propose NeRF‐C3D. In detail,
building upon the NeRF‐RPN, we incorporated channel atten-
tion into the process of multi‐scale feature fusion. Compared to
the original method, the processed features are more refined,
with each layer better learning and representing density
weights. And our method does not need to lose any radiance
features, which makes our method more suitable for other
downstream tasks, that is, instance segmentation task, object
classification tasks and secondary object detection, while
improving 3D object detection accuracy.

The main contributions of this paper are summarised as follows:

� Identification of a Key Limitation in NeRF‐RPN: We criti-
cally analyse the NeRF‐RPN framework, identifying a sig-
nificant drawback: its neglect in effectively representing the
density grid feature and under‐utilisation of feature de-
pendency relationships within neural fields. This oversight
limits the performance and robustness of 3D object detec-
tion in complex scenes. Addressing this limitation is crucial
for advancing the accuracy and efficiency of NeRF‐based
detection models.

� Proposal of MFCA and NeRF‐C3D: To overcome the iden-
tified limitation, we propose the multi‐scale feature fusion
module with channel attention (MFCA), designed to better
capture and integrate multi‐scale features by enhancing
feature dependency relationships within neural fields.
Channel Attention within MFCA plays a crucial role in
dynamically reweighting feature volumes, allowing the
model to focus on the most informative features and sup-
press the less relevant ones. Furthermore, we propose
NeRF‐C3D, a novel framework specifically tailored for 3D
object detection in NeRF. NeRF‐C3D takes advantage of the

strengths of MFCA to refine feature representation, thereby
significantly improving detection accuracy and reliability in
NeRF‐based 3D object detection tasks.

� Comprehensive Evaluation and Validation: We conducted
extensive experiments on established 3D object detection
datasets within NeRFs, including 3D‐FRONT, Hypersim,
and ScanNet. Our method consistently outperforms the
NeRF‐RPN, demonstrating substantial improvements in
detection performance. This validates the effectiveness of
our method and highlights its potential to set new bench-
marks in NeRF‐based 3D object detection.

2 | Related Work

2.1 | NeRF

NeRF is a deep learning‐based method employed for 3D
reconstruction in novel views, which uses multi‐layer percep-
trons (MLP) to model radiance information and density, for
each point in the scene. By training neural networks, spatial
structure and colour texture information of the 3D scene can be
inferred from a limited number of observation angles and po-
sitions, yielding a 3D scene with high‐quality details. Since then,
great progress has been made in 3D reconstruction based on
NeRF. Barron et al. [13], Verbin et al. [14] all share the goal of
improving NeRF's view synthesis and 3D scene representation
by enhancing both the photometric and geometric aspects. This
collective effort aims to enhance the image quality in syn-
thesised views. Müller et al. [15], Garbin et al. [16], focus on
endeavours to accelerate NeRF training and inference speed. A.
Chen et al. [17], Yu et al. [18] leverage pre‐trained image feature
extraction networks, to significantly reduce the required num-
ber of training samples for successful NeRF training. Although
these methods may differ slightly in the details of their model
designs, fundamentally, they model the input xyz coordinates,
and 3D camera poses as RGB colours and volume densities for
each point in the scene, thus generating high‐quality 3D scene
images. Such NeRF‐based method, which can generate high‐
quality 3D scene details through simple neural network
training, also demonstrates its potential for 3D object detection.

2.2 | 3D Object Detection

We classify current 3D object detection methods into three
categories based on the modalities of the input data: image‐
based methods, point cloud‐based methods, and multi‐modal‐
based methods. Image‐based methods, whether based on
monocular, stereo, or multi‐view images, are popular and
widely applied in autonomous driving technology due to the
ability to obtain rich texture features. Monocular 3D object
detection methods typically rely on prior information. For
instance, R. Zhang et al. [19] utilises a pre‐predicted foreground
depth map as a guidance signal and extracts features under the
guidance of a Transformer adaptively. ImVoxelNet Rukhovich
et al. [20] is also a monocular‐based method that maps image
features to 3D voxels through 2D CNN. For each voxel, its
features come from element wise averaging of several images,
and the final prediction is made based on these voxel. Stereo‐
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based methods leverage stereo matching techniques to provide
additional geometric constraints. You et al. [21] converts the
predicted disparity map of stereo images into depth images, and
then convert them into pseudo‐LiDAR point clouds for 3D ob-
ject detection. Methods based on multi‐view images often
employ techniques like Philion and Fidler [5], Li et al. [4] to
map 2D plane features into 3D space and perform 3D object
detection from a bird's eye view. Liu et al. [3], Liu et al. [22]
utilise the Transformer's Query mechanism to interact features
between 2D image information and 3D spatial points. Addi-
tionally, Li et al. [4], Yang et al. [23], Zhang et al. [24] integrate
spatio‐temporal features on this basis, enhancing performance
of 3D object detection.

Point cloud‐based methods can directly capture the geometric
features of 3D objects and can be primarily classified into two
types based on the data representation: point‐based and voxel‐
based methods. Chen et al. [25], He et al. [26] directly process
on raw points employing Transformer or 3D Convolutional
Neural Networks (3D CNN) for feature extraction or enhance-
ment. Mao et al. [27], Liu et al. [28] convert raw point clouds
into voxel grids and apply methods from 2D object detection for
feature extraction and subsequent object detection. FCAF3D
Rukhovich et al. [29], a simple and effective method for indoor
3D object detection, leverages traditional convolutional struc-
tures, using voxel representations of point clouds and sparse
convolutions to process the voxels. Multi‐modal‐based 3D object
detection methods often integrate data features from point
clouds and RGB images, and use the fused features for 3D object
detection. Bai et al. [9], Li et al. [30] utilise Transformer archi-
tecture to interact features from multi‐modal data, greatly
improving detection performance. Although these methods
have demonstrated outstanding performance across diverse
datasets and offer valuable insights for 3D object detection
within NeRF, they cannot be directly applied to NeRF‐based 3D
object detection in its entirety.

2.3 | 3D Object Detection With NeRFs

Several researchers have dedicated their efforts to advancing the
field of 3D object detection with NeRF. NeRF‐Det Xu et al. [31]
embeds a NeRF module in the collaborative design of the model
to learn the geometric features of the scene, thus enhancing
detection performance. NeRF‐Detþþ Huang et al. [32] in-
troduces innovative enhancements, including semantic refine-
ment, perspective‐aware sampling, and ordinal residual deep
supervision techniques. These advancements address crucial
challenges such as semantic ambiguity, inadequate sampling
strategies, and underutilisation of deep supervision in the
original model. By incorporating these enhancements, NeRF‐
Detþþ improves the detection performance of the base model
to a certain extent, providing a more robust and effective solu-
tion for 3D scene understanding and reconstruction. The NeRF‐
Det series methods can effectively leverage the density infor-
mation in NeRF to improve image‐based 3D object detection
performance, but they fail to utilise the radiance information at
each point in the scene, and are not suitable for directly
participating in tasks like instance segmentation within NeRF.
In monocular 3D object detection, MonoNeRD Xu et al. [33]

models the scene using a Signed Distance Function (SDF),
which helps generate dense 3D representations and treats these
representations as NeRF. This method can effectively infer 3D
geometric structure and occupancy from a single image,
demonstrating the important potential of implicit reconstruc-
tion for basic 3D perception of images.

On the other hand, NeRF‐RPN Hu et al. [12] is the first 3D
object detection framework directly operating in neural fields.
The 3D volumetric features obtained in the neural field are
represented by using a novel 3D voxel feature. This method
showcases the ability to directly predict 3D bounding boxes for
objects within the NeRF framework. The method uses 3D
CNN to extract features preliminarily from the input high‐
dimensional semantics, then employs Feature Pyramid
Network (FPN) Lin, Dollár et al. [34] to fuse multi‐scale fea-
tures. Finally, through 3D Region Proposal Network (3D RPN)
and non‐maximum suppression (NMS), it regresses 3D region
proposals. NeRF‐MAE Irshad et al. [35], inspired by NeRF‐
RPN, is the first method to employ large‐scale self‐super-
vised pretraining using NeRF radiance and density grids as
input modalities. It utilises a standard 3D Swin‐Transformer
encoder and a voxel decoder to develop a robust representa-
tion. The method incorporates an opacity‐aware dense volume
masked self‐supervised learning objective. When fine‐tuned on
a small subset of data, this representation demonstrates sig-
nificant improvements in various 3D downstream tasks, such
as 3D object detection, voxel super‐resolution, and voxel
labelling. Although NeRF‐RPN establishes a solid baseline
model for 3D object detection in NeRF, the method itself
overlooks the representation of density grid feature and failing
to fully utilise the feature dependency relationships in neural
fields, impacting the detection performance of the model in
NeRF.

3 | Methodology

The overall structure of the network is shown in Figure 1. Our
method uses the RGB and density features obtained through
NeRF as the model's inputs. Following the preliminary feature
extraction through a 3D backbone network, the extracted fea-
tures are then utilised to generate the 3D Feature Pyramid
Network (3D FPN). We propose a novel multi‐scale feature
fusion module, denoted as MFCA, which incorporates Channel
attention for multi‐scale feature fusion. This enables the feature
pyramid to obtain more refined features during the process of
downward feature volume construction. Subsequently, 3D RPN
uses these obtained features to predict region proposals.

3.1 | Input Sampling and Feature Extraction

Despite the existence of numerous excellent NeRFs represen-
tations, they all have the same characteristics for input sam-
pling: the ability to query radiance information (RGB) and
density based on view directions and spatial positions Gao et al.
[36]. Our method still utilises these radiance and density feature
volumes as inputs, independent of the specific NeRF structure.
In the process of input sampling, we adhere to the design from
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Hu et al. [12]. Using a 3D mesh that is large enough to adap-
tively change the resolution to contain the resulting NeRF
model, and adopt a uniform sampling strategy for the entire
NeRF model to obtain the radiance and density information.
Typically, each sample can be represented as (r, g, b,α), where
(r, g, b) represents the average radiance, α converted through
density η, as shown in Equation (1):

α = np.clip(1 − exp(−ηγ), 0, 1), (1)

where γ = 0.01 is the preset distance, and the value is then
constrained within the range of 0 and 1 using the np.clip
function, ensuring that α never becomes less than 0 or greater
than 1. For the feature extraction component, we conducted
comparative experiments in ablation studies using two back-
bone networks: VGGNet Simonyan and Zisserman [37] and
ResNet He et al. [38]. In these networks, the relevant 2D con-
volutions, poolings and normalisations were replaced with 3D
modules, with minimal additional modifications.

3.2 | Multi‐Scale Feature Fusion Module With
Channel Attention

Although FPN Lin et al. [34], Tan et al. [39], Li et al. [40]
perform well in multi‐scale feature fusion, there are still some
shortcomings in the context of NeRF‐based 3D object detection
tasks. The original FPN primarily relies on a simple feature
aggregation strategy and fails to adequately consider the
importance of different channel features. Additionally, FPN
may struggle to effectively suppress redundant information
when facing complex scenes, leading to a decline in the accu-
racy of feature representation. These issues are particularly
pronounced in 3D object detection within NeRF, as the geo-
metric complexity and variations in viewpoint can impair the
discriminative ability of features. To address these shortcom-
ings, we propose the MFCA module, which integrates channel
attention to achieve dynamic channel recalibration and adaptive
multi‐scale fusion. This design enables MFCA to focus on

important features, enhancing feature representation and
making it better suited for 3D object detection in NeRF. MFCA
not only overcomes the limitations of the original FPN but also
significantly improves detection performance.

The MFCA module, as illustrated in Figure 2, introduces a
channel attention mechanism based on the 3D FPN and is
inserted as a computational module between various output
layers during the top‐down process of the 3D FPN. The feature
volumes generated from bottom to top in 3D FPN are denoted
as: Q = [Q1,Q2,…,Qn],Q ∈ RC×W ×L×H . The feature volumes
obtained during the top‐down process of the 3D FPN are
denoted as: P = [P1, P2,…,Pn ], P ∈ RC×W ×L×H . In MFCA, the
preliminary fusion of features follows the design of FPN, where
the upsampled high‐level feature volumes are fused with the
bottom‐up generated low‐level feature volumes. This fusion can
be expressed by Equation (2):

Pn−1 = Fupsampled(Pn) + Qn−1. (2)

Subsequently, the obtained feature volumes Pn− 1 are fed into
the 3D Channel attention module. The design of the 3D
Channel attention module is inspired by Hu et al. [41] and
Woo et al. [42], and does not adopt a Transformer‐based
method. Utilising Transformer‐based Channel attention would
introduce significant computational overhead, particularly for a
structure already employing 3D CNN as its backbone, negatively
impacting the model's training speed. The 3D Channel attention
module is based on a purely convolutional method, ensuring
ease of implementation. Firstly, the spatial dimensions of the
preliminarily fused feature volumes Pn− 1 are reduced using 3D
adaptive average pooling Fap3d. This can be expressed as shown
in Equation (3):

Zn−1 = Fap3d(Pn−1) =
1

W × L ×H
∑
W

i=1
∑
L

j=1
∑
H

k=1
Pn−1(i, j, k). (3)

The purpose of this is to retain only the Channel information of
the feature volumes, using a relatively simple 3Dadaptive average

FIGURE 1 | Overview of NeRF‐C3D. Our method uses RGB and density features that are extracted from NeRF as inputs to NeRF‐C3D. We propose
the MFCA module to fuse features from the 3D CNN and upper‐level features from the 3D FPN. These features are then input into the 3D RPN head
to generate precise 3D region proposals.
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pooling to roughly preserve the original features of the entire
feature volume. After obtaining the feature volume through
spatial dimension average pooling, the goal is to capture inter‐
channel dependencies at minimal cost, maximising the uti-
lisation of feature information. Inspired by Hu et al. [41], we
perform adaptive re‐calibration FAR on the obtained feature vol-
ume Zn− 1, specifically designed as shown in Equation (4):

Sn−1 = FAR(Zn−1,W) = σ(τ(Zn−1,W)) = σ(W2δ(W1Zn−1)), (4)

where δ and σ are the ReLU and Sigmod activation function,

respectively. W1 ∈ R
C
r ×C, W2 ∈ Rc×Cr . To control the complexity

of the model and improve generalisation, we introduced a gating
mechanism parameterised by creating a bottleneck around
nonlinearity using two Fully Connected (FC) layers. The gating
mechanism specifically includes a dimension reduction layer
with a reduction ratio of r, followed by a ReLU, and subse-
quently an expansion layer that restores the channel dimension
of the transformed output Pn− 1. The final output of this block
Pń− 1 is obtained through Equation (5):

Pń−1 = Fscale(Pn−1, Sn−1) = Sn−1Pn−1, (5)

where Sn− 1 is the feature weight obtained through learning and
Fscale is the input feature volume multiplied by the channel
weights. We utilise channel attention to refine the expression of
transformed features, thereby optimising their representation
before propagation to the subsequent layer. This meticulous
process ensures the comprehensive representation of both low‐
level and high‐level features, thereby facilitating the nuanced
encoding of weights for each channel prior to their transmission
to the 3D RPN detection head.

3.3 | 3D RPNs

The 3D RPNs leverages features extracted from 3D FPN as in-
puts, generating a set of 3D region proposals with corresponding
object scores as output. In accordance with ablation

experiments, we conducted experiments on two types of RPN
heads: an anchor‐based method and an anchor‐free method.

As shown in Figure 3, the anchor‐based method involves the
addition of k layers of 3D convolutional layers following the
feature pyramid. Over these convolutional layers, two inde-
pendent 1 × 1 × 1 3D convolutional layers are employed for
predictions. These layers are dedicated to determine the possi-
bility p of object presence and the bounding box offsets t for
each anchor point. In essence, this architecture processes fea-
tures through multiple layers of 3D convolutional operations
and makes final predictions for object presence probability and
bounding box offsets through specific 1 × 1 × 1 convolutional
layers. The parameters for the offsets of bounding box, denoted
as t = ( tx, ty, tz, tw, tl, th, tα, tβ), are described as follows in
Equation (6):

tx = (x − xa)/wa, ty = ( y − ya)/la, tz = (z − za)/ha,
tw = log(w/wa), ti = log(l/la), th = log(h/ha),
tα = Δα/w, tβ = Δβ/l,

(6)

where x, y,w, l,Δα,Δβ describe the representation of the 3D
bounding box in the xy‐plane, z, and h represent dimensions in
height. On the other hand, xa, ya, za,wa, la, ha provide the posi-
tion and size of the bounding box.

The anchor‐free method is primarily based on the fully con-
volutional one‐stage (FCOS) Tian et al. [43] method, extended to
its 3D form. Compared with anchor‐based methods, the RPN
based on FCOS predicts a single object probability p, a set of
bounding box offset values t = (x0, y0, z0, x1, y1, z1,Δα,Δβ) and a
objectness scores c for each voxel as shown in Figure 4. In
FCOS, an extension has been applied to the encoding of
bounding box offsets, and the regression objects are defined as
follows in Equation (7):

x∗
0 = x − x(i)0 , x

∗
1 = x

(i)
1 − x,

y∗
0 = y − y(i)0 , y

∗
1 = y

(i)
1 − y,

z∗
0 = z − z(i)0 , z

∗
1 = z

(i)
1 − z,

Δα∗ = v(i)x − x,Δβ∗ = v(i)y − y,

(7)

where, x, y, and z denote the position of the voxel, while x(i)0 , x
(i)
1

represents the lateral boundary of the ith ground truth bounding
box, similarly in the y and z directions. The variables v(i)x and v(i)y
denote the x and y coordinates of the vertices of the bounding
box in the xy‐plane. x∗

0, x∗
1 represent the offsets of the bounding

box along the x‐axis, similarly in the y and z directions.Δα∗, Δβ∗

are two additional offsets used to represent variations in other
directions. The centre of the actual bounding box is computed
by the following Equation (8):

FIGURE 3 | Architecture of anchor‐based 3D RPN head.

FIGURE 2 | Architecture of MFCA module.
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c∗ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
min(x∗

0 , x∗
1)

max(x∗
0 , x∗

1)
×
min( y∗

0, y∗
1)

max( y∗
0 , y∗

1)
×
min( z∗

0, z∗
1)

max( z∗
0 , z∗

1)

√

. (8)

To learn p, t, and c in FCOS, k 3D convolutional layers are added
after the FPN for classification and regression. An additional
convolutional layer is added on the classification and regression
branches to obtain the centrality score pand 3D box offset t, and
a convolutional layer is added in the regression branch to pre-
dict the objectness score c.

3.4 | Loss Functions

In the loss function section, due to the adoption of different RPN
detection heads in subsequent experiments, the loss function
also has different designs depending on the 3D RPNs, which are
Anchr‐based and Anchor‐free. According to Hu et al. [12], for
the Anchor‐based method, a predicted bounding box is labelled
as positive if its Intersection over Union (IoU) exceeds 0.35 with
the ground truth or has extremely high IoU overlap with its
associated bounding box. Conversely, IoU below 0.2 is labelled
as negative and the overall loss function is shown in
Equation (9):

L( {pi}, {ti}) =
1
Ncls

∑
i
Lcls(pi, p∗

i ) +
λ
Nreg

∑
i
p∗
i Lreg( ti, t

∗
i ), (9)

where pi, ti represent the predicted objectness and offset of
bounding box, p∗

i , t∗i are the targets for the ground truth
bounding box. Ncls, Nreg represent the number of anchors used in
the loss computation, and λ is used to balance the weights be-
tween the two losses. Lcls is the binary cross‐entropy loss, and
Lreg is the smooth L1 loss. Regression loss is only computed
anchors which are positive. The overall loss function for the
Anchor‐free method is shown in Equation (10):

L( {pi}, {ti}, {ci}) =
1
Npos

Lcls(pi, p∗
i ) +

λ
Npos

p∗
i Lreg( ti, t

∗
i )

+
1
Npos

p∗
i Lctr( ci, c

∗
i ),

(10)

where Lcls, Lreg and Lctr are Focal loss from Lin et al. [44], IoU
loss for rotated boxes from Zhou et al. [45] and binary cross‐
entropy loss, respectively. p∗

i ∈ {0, 1} is used to represent the
truth label for each voxel. λ is still used to balance the weights
between the three losses, and Npos is the number of voxels with
p∗
i = 1. ci represents the predicted objectness scores. Regression
and centrality losses are considered only for positive voxels.

4 | Experiment

4.1 | Datasets and Evaluation Metrics

We use the dataset built by Hu et al. [12] for 3D object detection
within NeRF in our experiments. The datasets mainly include
3D‐FRONT Fu et al. [46], Hypersim Roberts et al. [47] from
synthetic datasets as well as ScanNet Dai et al. [48] dataset from
real scenes. Based on the performance of the model on these
three datasets, we verify the effectiveness of our proposed
method. Figure 5 shows some examples of datasets used for
NeRF training and input NeRFs. We adopt common evaluation
metrics including Recall, Average Precision (AP), and IoU to
assess the performance of our proposed method. Recall and AP
are computed at IoU thresholds of 0.25 and 0.5, respectively.

4.1.1 | 3D‐FRONT

3D‐FRONT is a novel, large‐scale, and comprehensive synthetic
indoor scene dataset focusing on professionally designed lay-
outs. Numerous rooms are filled with high‐quality textured 3D
models with style‐compatible features. The dataset comprises
18,797 rooms with various 3D objects, including 7302 pieces of
furniture with high‐quality texture features. After processing by
Hu et al. [12], 159 usable rooms were selected, cleaned, and
annotated. A total of 1191 real bounding boxes were labelled,
with an average of 7.5 real bounding boxes per scene.

4.1.2 | Hypersim

Hypersim is a synthetic dataset for indoor scene understanding.
Using a vast library of synthetically created scenes by professional
artists, the dataset generates up to 70,000 images for over 400
indoor scenes. Each indoor scene has detailed pixel‐level labels
and corresponding ground‐truth structures. And, each scene in-
cludes full scene geometry, material information, and lighting
details, as well as dense pixel‐level semantic pose segmentation
and full camera pose for each image. After cleaning and annota-
tion, Hu et al. [12] retained approximately 250 scenes from the
original dataset, resulting in 4798 labelled real bounding boxes.
On average, each scene contains 19.2 real bounding boxes.

4.1.3 | ScanNet

ScanNet is a video dataset containing over 2500 þ view images
with detailed camera pose information, surface structure infor-
mation as well as instance‐level semantic segmentation labels. It
is important for understanding of indoor complex scenes. For 3D
object detection in NeRFs, Hu et al. [12] randomly selected 90
scenes from ScanNet for training, and selected the most appro-
priate few frames for each scene according to the clarity of the
video. Annotations for scene objects underwent cleaning and
modifications. In total, 1086 real bounding boxes were labelled,
with an average of 12.1 real bounding boxes per scene.

FIGURE 4 | Architecture of anchor‐free 3D RPN head.
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4.2 | Training and Testing

All our experiments are run with python = 3.9, pytorch = 1.12.1,
torchvision = 0.13.1 and cudatoolkit = 11.3. All experiments are
conducted using 2 NVIDIA A5000 (24 GB) GPUs for training,
including the reproduction of the baseline model. The overall
training detail is similar to NeRF‐RPN. The AdamW optimizer
is used for network optimisation. In terms of hyperparameter
design during training, according to Hu et al. [41], we set the
value of r in MFCA to 16 to achieve the best performance. The
Anchor‐based loss function is assigned λ = 5.0, and for the
Anchor‐free loss function, λ = 1.0. We employ a 4‐layer FPN
and 13 different sizes of anchors for the Anchor‐based method.
The shortest side of all Anchors on the same feature volume
level has the same size, ranging from fine to coarse scales at {8,
16, 32, 64}. Similar to the previous RPN method, 256 anchors are
randomly sampled from each scene in each iteration, with a 1:1
ratio of positive to negative anchors. For the Anchor‐free
method, all output solutions are used for the loss calculation.
Different parameter settings are adopted during training on
different datasets due to experimental constraints. For example,
we reduced the batch size on the Hypersim dataset and adjusted
the learning rate and weight decay based on the batch size as
shown in Table 1. All experimental results are obtained by
training 200 epochs from scratch.

For model testing, all our experiments are conducted with a
single NVIDIA A5000 (24 GB) GPU, and the batch size is set to
2. Upon obtaining the region of interest (ROI) with objective-
ness scores. Subsequently, the top 2500 proposals at each level of
the feature volume are selected independently. The threshold of
rotated IoU is set to 0.1 and NMS is applied to eliminate
redundant proposals.

4.3 | Ablation Studies and Result Analysis

We conducted ablation studies on the three datasets mentioned
above. The experiment compared the detection performance of
our method with the baseline model in different backbone
networks and RPN detection heads as shown in Tables 2–4. Our
method outperforms NeRF‐RPN significantly on the 3D‐FRONT
dataset. For instance, our NeRF‐C3D outperforms NeRF‐RPN
with VGG‐16 and anchor‐based RPN heads by þ0.7%, þ4.4%,
þ2.0% and þ5.7% in terms of Recall25, Recall50, AP25, and AP50,

respectively. Our method also has significant advantages over
NeRF‐RPN on the Hypersim and ScanNet datasets. On the
Hypersim dataset, our proposed method can significantly
enhance the performance of object detection, leading to more
objects being successfully detected and thus improving Recall
value. However, these additional detection results may contain
more false positives, leading to a decrease in precision and
affecting AP. Moreover, our method can significantly improve
detection accuracy but the improvement in Recall is not sig-
nificant on ScanNet dataset. We believe that there are two main
reasons for such results. Firstly, the baseline model itself has
strong detection performance on 3D‐FRONT, which may be
greatly related to the reconstruction quality of the dataset. Our
method can bring more significant improvements on methods
with certain detection performance. Secondly, the different
parameter settings of the dataset in the experiment have a
certain impact, which is evident on the Hypersim dataset.

Experiments on different backbone networks and RPNs have
shown that the combination of VGG‐16 and Anchor‐free can
maximise the detection performance of the model, followed by
ResNet‐50. Anchor‐based methods are slightly inferior. We
believe that the performance of anchor‐free methods often
surpasses that of anchor‐based methods primarily due to the
following reasons: (1) Anchor‐based methods rely on predefined
anchors to regress the position and size of object bounding
boxes. This method assumes certain distributions of object lo-
cations and scales, which may perform suboptimally when faced
with high‐variance objects, such as those with varying scales
and shapes. (2) For small objects, the limited scale of anchors
can result in inaccurate localisation or missed detections. In
contrast, anchor‐free methods directly predict the object centre,
offering a more efficient method with higher representational
capacity, particularly when dealing with complex scenes.
Moreover, the network characteristics of VGG‐16 can better
perform in such tasks, while ResNet‐50 may achieve more
outstanding performance in large datasets.

FIGURE 5 | Examples of datasets and input NeRFs. We utilise Instant‐NGP Müller et al. [15] to obtain input NeRFs based on the raw images from
datasets. The first four columns represent the raw images, and the last column represents the input NeRFs. These images are from Hypersim.

TABLE 1 | Setting of experimental parameters on different datasets.

Datasets Batch size Learning rate Weight decay
3D‐FRONT 8 3e‐4 1e‐3

Hypersim 4 4e‐4 2e‐3

Scannet 8 3e‐4 1e‐3
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TABLE 2 | Recall and AP of NeRF‐RPN and NeRF‐C3D with different backbones and RPN heads on 3D‐FRONT.

Methods Backbones Heads Recall25 Recall50 AP25 AP50

NeRF‐RPN ResNet‐50 Anchor‐based 97.8 67.7 66.5 37.4

NeRF‐C3D (Ours) ResNet‐50 Anchor‐based 97.1 67.7 69.0 41.0

NeRF‐RPN ResNet‐50 Anchor‐free 97.1 67.7 79.3 48.3

NeRF‐C3D (Ours) ResNet‐50 Anchor‐free 97.1 69.1 80.3 52.2

NeRF‐RPN VGG‐16 Anchor‐based 97.1 73.5 67.9 42.3

NeRF‐C3D (Ours) VGG‐16 Anchor‐based 97.8 77.9 69.9 48.0

NeRF‐RPN VGG‐16 Anchor‐free 95.6 67.7 83.6 53.4

NeRF‐C3D (Ours) VGG‐16 Anchor‐free 95.6 73.5 85.4 59.5

NeRF‐RPN Swin transformer Anchor‐based 98.5 63.2 51.8 26.6

NeRF‐C3D (Ours) Swin transformer Anchor‐based 98.5 69.1 57.7 34.8

NeRF‐RPN Swin transformer Anchor‐free 96.3 62.5 78.7 41.0

NeRF‐C3D (Ours) Swin transformer Anchor‐free 96.3 64.0 77.1 42.8
Note: Bold values indicate the performance metrics where our proposed model outperforms the baseline model under identical experimental conditions.

TABLE 4 | Recall and AP of NeRF‐RPN and NeRF‐C3D with different backbones and RPN heads on ScanNet.

Methods Backbones Heads Recall25 Recall50 AP25 AP50

NeRF‐RPN ResNet‐50 Anchor‐based 80.8 16.8 18.1 0.6

NeRF‐C3D (Ours) ResNet‐50 Anchor‐based 85.2 23.2 21.5 2.1

NeRF‐RPN ResNet‐50 Anchor‐free 90.2 28.1 46.2 7.4

NeRF‐C3D (Ours) ResNet‐50 Anchor‐free 87.7 29.6 50.7 8.8

NeRF‐RPN VGG‐16 Anchor‐based 87.2 24.6 22.1 3.6

NeRF‐C3D (Ours) VGG‐16 Anchor‐based 87.7 24.6 27.3 4.6

NeRF‐RPN VGG‐16 Anchor‐free 91.6 34.0 49.0 10.5

NeRF‐C3D (Ours) VGG‐16 Anchor‐free 89.7 29.6 51.9 11.8

NeRF‐RPN Swin transformer Anchor‐based 88.7 33.0 31.5 4.2

NeRF‐C3D (Ours) Swin transformer Anchor‐based 90.6 34.5 32.0 4.5

NeRF‐RPN Swin transformer Anchor‐free 90.2 30.5 44.0 12.0

NeRF‐C3D (Ours) Swin transformer Anchor‐free 92.1 33.0 48.0 16.1
Note: Bold values indicate the performance metrics where our proposed model outperforms the baseline model under identical experimental conditions.

TABLE 3 | Recall and AP of NeRF‐RPN and NeRF‐C3D with different backbones and RPN heads on Hypersim.

Methods Backbones Heads Recall25 Recall50 AP25 AP50

NeRF‐RPN ResNet‐50 Anchor‐based 39.4 7.6 5.2 0.3

NeRF‐C3D (Ours) ResNet‐50 Anchor‐based 41.3 9.8 5.4 0.5

NeRF‐RPN ResNet‐50 Anchor‐free 61.9 10.5 13.7 1.0

NeRF‐C3D (Ours) ResNet‐50 Anchor‐free 64.1 14.0 13.9 2.0

NeRF‐RPN VGG‐16 Anchor‐based 36.5 7.9 3.4 0.1

NeRF‐C3D (Ours) VGG‐16 Anchor‐based 42.2 9.8 3.3 0.3

NeRF‐RPN VGG‐16 Anchor‐free 61.3 13.7 17.3 3.2

NeRF‐C3D (Ours) VGG‐16 Anchor‐free 61.0 15.2 19.2 3.0

NeRF‐RPN Swin transformer Anchor‐based 43.2 10.2 5.2 0.8

NeRF‐C3D (Ours) Swin transformer Anchor‐based 56.8 13.7 10.7 1.1

NeRF‐RPN Swin transformer Anchor‐free 65.4 17.8 21.4 4.4

NeRF‐C3D (Ours) Swin transformer Anchor‐free 68.9 24.8 29.7 10.8
Note: Bold values indicate the performance metrics where our proposed model outperforms the baseline model under identical experimental conditions.
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Additionally, we conducted ablation experiments using the
Swin Transformer as the backbone network. The Swin Trans-
former, a spatial attention mechanism based on the Transformer
architecture, effectively extracts contextual information from
scenes and objects, and has been shown to significantly enhance
the detection performance of models. Experimental results
demonstrate that our proposed method retains significant ad-
vantages. When compared with the baseline model utilising the
Swin Transformer on three different datasets, our optimised
method achieves notable improvements across nearly all met-
rics, with some metrics performing on par with the baseline.

Moreover, we integrated the Swin Transformer backbone with
our proposed method, achieving outstanding experimental re-
sults. Notably, on the Hypersim dataset, the Anchor‐free
method attained state‐of‐the‐art performance, demonstrating
substantial improvements over the baseline. Similarly, on the
ScanNet dataset, our method delivered competitive perfor-
mance, further validating its effectiveness.

Overall, NeRF‐C3D achieves a certain degree of performance
improvement compared to NeRF‐RPN in various settings,
indicating its effectiveness and potential. It is worth noting
that our proposed MFCA can be integrated as a plugin on
different backbone networks and RPN detection heads, and it
will achieve certain improvements. However, there are sig-
nificant differences in performance on different datasets. This
highlights a limitation in the generalisation ability of our
method. How to achieve better generalisation and eliminate
differential performance on the dataset is the focus of our
future research.

4.4 | Comparison With Other NeRF‐Based
Methods

NeRF‐MAE Irshad et al. [35], the first large‐scale self‐supervised
pretraining utilising NeRF radiance and density grid as an
input modality. This method leverages MAE He et al. [49] for
self‐supervised pretraining across multiple datasets, allowing
the model to acquire more generalised features and patterns.
Consequently, it demonstrates exceptional generalisation capa-
bilities and has achieved remarkable performance across a range
of downstream tasks. Comparing our method with NeRF‐MAE
presents a considerable challenge. For a comprehensive com-
parison, refer to the results detailed in Table 5. We conducted a

comparison using VGG‐16 as the backbone network and two
different detection head methods. The first row presents the
Anchor‐based methods, while the second row features the
Anchor‐free methods. NeRF‐MAE uses Swin‐Transformer Liu
et al. [50] as the backbone network and similarly employs
Anchor‐free methods for detection. We marked the training
methods of NeRF‐MAE with different notations. The results
indicate that our method can achieve comparable or even
slightly superior performance in some metrics. For example, in
the 3D‐FRONT dataset, our Anchor‐based method attained a
higher Recall, and our Anchor‐free method also demonstrated
competitive AP scores. However, due to the advantages of
NeRF‐MAE's pretraining, including its strong generalisation
capability and ability to learn from large datasets, it outperforms
our method on the ScanNet dataset. Notably, NeRF‐MAE re-
quires eight A100 GPUs for 6 days of pre‐training on the 3D‐
FRONT dataset, which significantly exceeds the training time
of our method.

4.5 | Qualitative Comparison

We use MeshLab Cignoni et al. [52] to visualise the results of
proposals. Figure 6 shows the visualisation results produced by
NeRF‐RPN and NeRF‐C3D. The proposals for these scenarios
are all generated by the anchor‐free RPN head. Compared with
NeRF‐RPN, our method can more accurately regress object
proposals. We have identified the areas with missing predictions
on the visualisation results of NeRF‐RPN using red circular
boxes. For the first, second, and fourth scenarios, our method
corrects the erroneous predictions and missed predictions made
by NeRF‐RPN. In the second and third scenarios, we reduced
duplicate predictions, and in the second scenario, we predicted a
proposal that was closer to the real scene object compared to
Ground Truth. In addition, in the third, fifth, and sixth sce-
narios, our method overcome the difficulty of detecting small
objects. From the visualisation results, our method performs
poorly in detecting multi‐object overlap in the scene. For
instance, in the third scenario, the overlap prediction of multi-
ple chairs is not good enough. When facing such a scenario,
only partial object predictions can be made. Improving solutions
for such challenges stands as one of our future research di-
rections. Based on the visualisation results, we consider the
performance of 3D object detection heavily depends on the
reconstruction quality of NeRF. Poor reconstruction quality will
greatly affect the detection ability of the model.

TABLE 5 | Quantitative comparisons with NeRF‐MAE on 3D‐FRONT and ScanNet.

Methods Backbones Heads
3D‐FRONT ScanNet

Recall25 Recall50 AP25 AP50 Recall25 Recall50 AP25 AP50

NeRF‐MAE ⋆ Swin transformer Anchor‐free 96.2 67.5 78.0 54.3 89.7 36.1 51.0 14.5

NeRF‐MAE ◦ Swin transformer Anchor‐free 96.3 74.3 83.0 59.1 90.5 39.1 54.3 15.5

NeRF‐MAE △ Swin transformer Anchor‐free 97.2 74.5 85.3 63.0 92.0 39.5 57.1 17.0

NeRF‐C3D (Ours) Swin transformer Anchor‐based 98.5 69.1 57.7 34.8 90.6 34.5 32.0 4.5

NeRF‐C3D (Ours) Swin transformer Anchor‐free 96.3 64.0 77.1 42.8 92.1 33.0 48.0 16.1
Note: ⋆ represents no self‐supervised pretraining with the 3D‐FRONT dataset, ◦ represents pretraining with the 3D‐FRONT dataset, and △ represents
pretraining with the 3D‐FRONT, HM3D Ramakrishnan et al. [51], and Hypersim datasets, with the latter two methods involving data augmentation prior to
pretraining. The experimental data for NeRF‐MAE are obtained from Irshad et al. [35].
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4.6 | Quantitative Comparison

In order to prove that our proposed method can not only
improve the performance of the original baseline model, but
also achieve competitive ability with other method in the field of

3D object detection, we compare with two advanced methods,
ImVoxelNet [20] and FCAF3 [29]. We use the raw images used
for NeRF training and the point cloud obtained from the depth
map as substitutes. In our experiments, we opted for VGG‐16 as
the backbone network and employed Anchor‐free RPN heads.

FIGURE 6 | Qualitative comparison between NeRF‐RPN and NeRF‐C3D. The first column shows the prediction proposals generated by NeRF‐
RPN; the second column displays the prediction proposals generated by the improved NeRF‐C3D; the third column is Ground Truth. From top to
bottom, scene 1–2, 3–4, and 5–6 are from 3D‐FRONT, Hypersim and ScanNet, respectively. Red circles highlight the significant omissions of the
baseline model.
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As depicted in Table 6, the performance of our proposed NeRF‐
C3D significantly outperforms ImVoxelNet across both the
Hypersim and ScanNet datasets. However, on the 3D‐FRONT
dataset, our method exhibits slightly inferior performance
compared to ImVoxelNet. Additionally, when compared with
FCAF3D, NeRF‐C3D still maintains a leading position on the
FRONT‐3D dataset. Nevertheless, its performance on Hypersim
and ScanNet datasets, is slightly less competitive. Overall, our
NeRF‐C3D method surpasses FCAF3D, particularly maintain-
ing a leading position on the 3D‐FRONT dataset, while signifi-
cantly outperforming ImVoxelNet on the Hypersim and
ScanNet datasets but slightly underperforming on the FRONT‐
3D dataset.

5 | Limitations

Based on experimental data and visualisation results, NeRF‐
C3D demonstrates relative advantages across several bench-
mark datasets but also reveals certain limitations.

5.1 | Generalisation Capabilities of NeRF‐C3D

NeRF‐C3D shows noticeable performance variability across
different datasets. While it outperforms NeRF‐RPN on 3D‐
FRONT and ScanNet, its improvements in the Hypersim data-
set, especially in AP50, are minimal. This suggests that NeRF‐
C3D may have issues with adaptability to varying dataset
characteristics, leading to inconsistent performance. When
compared to NeRF‐MAE, NeRF‐C3D does not surpass its per-
formance on 3D‐FRONT and ScanNet, particularly under
extensive pretraining across multiple datasets. This suggests that
NeRF‐C3D has limitations in its generalisation capabilities,
particularly in more complex scenarios, where its performance
could be further improved.

5.2 | Limited Adaptability to Complex Scenes

Although NeRF‐C3D demonstrates advantages on several
benchmark datasets, it has limitations in complex scenes. In
particular, on ScanNet, it experiences a decline in Recall50
despite improvements in other metrics. Visualisation results
further indicate that NeRF‐C3D performs moderately in object
detection within complex environments, struggling to balance
recall and precision under high‐precision conditions, which
impacts its effectiveness in intricate scenarios.

While NeRF‐C3D demonstrates potential as an improved
method across multiple datasets, the issues of cross‐dataset
stability, adaptability to complex scenes, and comparative dis-
advantages against other advanced methods indicate areas
where its generalisation capability and performance optimisa-
tion could be further refined. These challenges offer valuable
insights and directions for future research and development.

6 | Conclusion

In this paper, we propose a 3D object detection method NeRF‐
C3D in NeRFs with a Channel attention architecture. Our
method aims to refine representation of density field features
and fully utilise the feature dependency relationships in neural
fields by introducing Channel attention in the process of multi‐
scale feature fusion. Through experiments combining different
datasets, backbones, and RPN heads, we demonstrate that our
proposed NeRF‐C3D can improve 3D object detection capabil-
ities in NeRFs. Furthermore, our proposed method introduces
only modest modifications to the baseline model, yet demon-
strates a noticeable improvement in 3D object detection tasks.
We hope our research provides valuable insights for future
studies in 3D object detection with NeRF.
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