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Abstract

Conventional 3D object detection approaches concen-
trate on bounding boxes representation learning with sev-
eral parameters, i.e., localization, dimension, and orien-
tation.  Despite its popularity and universality, such a
straightforward paradigm is sensitive to slight numerical
deviations, especially in localization. By exploiting the
property that point clouds are naturally captured on the
surface of objects along with accurate location and inten-
sity information, we introduce a new perspective that views
bounding box regression as an implicit function. This leads
to our proposed framework, termed Implicit Detection or
ImpDet, which leverages implicit field learning for 3D ob-
Jject detection. Our ImpDet assigns specific values to points
in different local 3D spaces, thereby high-quality bound-
aries can be generated by classifying points inside or out-
side the boundary. To solve the problem of sparsity on the
object surface, we further present a simple yet efficient vir-
tual sampling strategy to not only fill the empty region, but
also learn rich semantic features to help refine the bound-
aries. Extensive experimental results on KITTI and Waymo
benchmarks demonstrate the effectiveness and robustness of
unifying implicit fields into object detection.

1. Introduction

3D object detection has attracted substantial attention in
both academia and industry due to its wide applications
in autonomous driving [9, 35, 1], virtual reality [29, 24]
and robotics [2]. Although point clouds generated from
3D LiDAR sensors capture precise distance measurements
and geometric information of surrounding environments,
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Figure 1. Illustration of different 3D bounding box representa-
tions under numerical deviations. Ground truth and deviated boxes
are drawn in red and green respectively. (a) Parameters: random
shift ground-truth centers in range &+ (0.1, 0.2, 0.3) m along x/y/z
axis. (b) Implicit fields: random mask 7/26/40% predicted inside
points. We show boxes represented with implicit fields are more
robust than conventional parameters when facing some outliers.

the irregular, sparse and orderless properties make it hard
to be encoded and non-trivial to directly apply 2D detection
methods [37].

Generally, object bounding boxes in 3D scenes are rep-
resented with several parameters, such as center local-
ization, box dimension, and orientation. Previous litera-
tures [32, 43, 46, 18, 48, 17] are mostly built upon this
representation and utilize convolutional neural networks
(CNN) to regress these values. Nevertheless, when there
are fewer points on objects caused by object occlusion or
other factors for sparsity, directly learning these parame-
ters would be fragile. Even worse, several studies [22, 40]
have demonstrated that even minor numerical deviations of
these parameters may cause significant performance drop,
as shown in Fig. 1 (a). Consequently, this motivates us to
consider an open question: Can we have the more robust
3D bounding box representations for learning?

Interestingly, recent learning based 3D object modeling
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Method | PA (1/0) IoU (1/0) AP3p (Mod./Easy/Hard)

h 3 5 7 9

w/o cond. | 71.38/95.91 57.46/91.49
w/o dist. | 88.36/97.04 75.38/95.13 84.82/89.46/78.79
Ours 89.82/97.20 77.28/95.53 85.38/89.91/79.25
Table 7. Ablation study of the design in implicit function. ‘w/o
dist.” denotes the relative distance is not involved. ‘w/o cond.
denotes the vanilla convolution layers with sampled point features
and relative distances as inputs.

76.21/85.98/68.19

Method centrosymmetry sampling
P pt+v P p+v
APsp (%) 79.43 84.33 70.65 85.38
APggv (%) 87.81 88.48 79.27 89.03

APsp (%) 84.12 85.22 85.38 85.28

Table 9. Result comparisons with different number of angle par-
tition on AP3p. The best performance is achieved when h = 7.

fes fo gl Bl yPBe HUBTY T APsp (%)
v v 84.29
v v v 85.05
v v v 84.85
v v v 85.10
v v v 85.16
v v v v 85.38

Table 8. Result comparisons of different boundary generation
strategies with both APsp and APgev. ‘p’ and ‘v’ denote raw
points and virtual points.

of object detection.

Analysis of Boundary Generation. In Tab. 8, we first com-
pare the performance with two boundary generation strate-
gies, i.e., sampling and centrosymmetry. ‘point+virtual’
means we utilize both sampled raw points and virtual points
for boundary generation. First of all, we observe that addi-
tionally using virtual points can boost the performance by
a large margin of 4.9% and 14.73% on both strategies. It
clearly demonstrates the effectiveness of our proposed vir-
tual sampling strategy in boundary generation, which can
significantly fill empty regions in objects. Second, the sam-
pling strategy only with raw points achieves the worst re-
sults of 70.65/79.27% on AP3p /gy, We explain that too
sparse point clouds may make the implicit fields inapplica-
ble since there is no enough points to fit a boundary. Third,
our sampling strategy outperforms the centrosymmetry by
1.05% and 0.55% on 3D and BEV accuracy. Recall the
difference between these two strategies, the centrosymme-
try strategy additional needs the predicted center to per-
form the centrosymmetric projection for each point, thereby
it strongly shows the robustness of our proposed implicit
fields, even with some outliers.

We also discuss the values of A in Tab. 9. As expected,
if the division of angles is too large, it cannot fit a bound-
ary well, resulting in a drop of detection performance. On
the contrary, the more angles we divide, the less the accu-
racy gains and the higher the computation costs. We choose
the optimal value when the model achieves the best perfor-
mance, i.e., h = 7.

Finally, to validate the quality of the predicted boundary
boxes via implicit fields, we compute the recall rate with
the ground-truth boxes. To be fair, we show the recall rates
for all methods with top-100 proposals on the car category
over all difficulty levels. As shown in Tab. 6, only with the
supervision of center coordinates, our introduced implicit
field achieves a competitive result with 77.78% recall rate,
outperforming Voxel R-CNN [6]. It indicates that our im-
plicit learning can robustly fit high-quality bounding boxes.

Table 10. Ablation study of different feature choices in occupant
aggregation.

Analysis of Occupant Aggregation. In order to explore
the contribution of our occupant aggregation module, we do
experiments with different combinations of voxel-wise fea-
tures (f(¥3) and f(v4)), sampled point features (B/7), sam-
pled virtual point features (37*) and those with implicit val-
ues (HPBf» and HVB7+). As shown in Tab. 10, the compar-
isons between Bf» and H?B%» or Bf» and H"B7v consis-
tently proves that the implicit values can effectively enhance
the features of inside points, suggesting a solid advantage
of incorporating implicit fields into 3D object detection. In-
terestingly, we observe that the virtual point features con-
tribute more to the performance when H" is applied (the
second/third row and the fourth/fifth row). One possible
explanation is that virtual points contain both rich seman-
tic features and confused geometric features since they are
randomly sampled in the 3D space. With the cooperation of
implicit values, we can successfully suppress the distracting
information. Moreover, the result from the last row demon-
strates the complementarity of raw points and virtual points.

5. Conclusion and Discussion

In this paper, we introduce a new perspective to repre-
sent 3D bounding boxes with implicit fields. Our proposed
framework, dubbed Implicit Detection or ImpDet, leverages
the implicit function to generate high-quality boundaries by
classifying points into two categories, i.e., inside or out-
side the boundary. A virtual sampling strategy is conse-
quently designed to fill the empty regions around objects,
making the boundary generation more robust. Our approach
achieves comparable results to the current state-of-the-art
methods both on KITTI and WOD benchmarks.

ImpDet also encounters some challenges, including the
trade-off between the computation cost and accuracy when
sampling points in the local 3D space, and the results on
easy objects. Nevertheless, we believe that this work can be
inspiring and helpful for encouraging more researches.
Acknowledgements. This work is supported by China
Postdoctoral Science Foundation (2022M710746).
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