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Abstract—Efficiently and accurately detecting people from 3D
point cloud data is of great importance in many robotic and
autonomous driving applications. This fundamental perception
task is still very challenging due to (i) significant deformations
of human body pose and gesture over time and (ii) point cloud
sparsity and scarcity for pedestrian objects. Recent efficient 3D
object detection approaches rely on pillar features. However, these
pillar features do not carry sufficient expressive representations
to deal with all the aforementioned challenges in detecting people.
To address this shortcoming, we first introduce a stackable Pillar
Aware Attention (PAA) module to enhance pillar feature extraction
while suppressing noises in point clouds. By integrating multi-
point-channel-pooling, point-wise, channel-wise, and task-aware
attention into a simple module, representation capabilities of pillar
features are boosted while only requiring little additional computa-
tional resources. We also present Mini-BiFPN, a small yet effective
feature network that creates bidirectional information flow and
multi-level cross-scale feature fusion to better integrate multi-
resolution features. Our proposed framework, namely PiFeNet,
has been evaluated on three popular large-scale datasets for 3D
pedestrian Detection, i.e. KITTI, JRDB, and nuScenes. It achieves
state-of-the-art performance on KITTI Bird-eye-view (BEV) as
well as JRDB, and competitive performance on nuScenes. Our
approach is a real-time detector with 26 frame-per-second (FPS).

Index Terms—Deep learning for visual perception, recognition,
3D object detection, LiDAR, real-time.

I. INTRODUCTION

FAST and reliable pedestrian detection in 3D world is a fun-
damental step in a perception system, conducive to many

robotic and autonomous driving applications such as human-
robot interactions, service robots, and autonomous navigation in
crowded human environments. The recent 3D pillar-based object
detectors, e.g. [27], [30], [55] integrate pillar features, a down-
sampled representation of point clouds, into their frameworks to
detect objects. These approaches have shown auspicious results
in detecting rigid and large objects such as vehicles. However,
their effectiveness in detecting pedestrians is limited because of
the two challenges.

Challenge 1: Weak expressive capability of pillar features for
pedestrians. Pedestrians are not rigid bodies, hence they can
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Fig. 1. The performance of our PiFeNet on KITTI [11] official test split on both
pedestrian Birds-eye-view and 3D detection versus inference speed in FPS. Our
approach achieved SOTA performance in detecting pedestrians. The comparison
details are presented in Table I.

take numerous poses (running, bowing, sitting, laying, etc.), as
shown in Fig. 2 A. Previous methods such as Pointpillars [21]
struggle distinguishing pedestrians from poles and trees (Fig. 7),
due to 3D spatial information loss during quantisation process.
They necessitate more representative pillar features to correctly
distinguish pedestrians from other similarly-looking objects. To
address this limitation, TANet [27] has incorporated a triple
attention module to enhance pillar feature extraction. However,
this approach only uses max pooling to capture context features,
suppressing a lot of information from the points inside the
pillar, which are informative for better person detection and
localisation.

To retain important information while generalising to vari-
ous pedestrian representations, detectors require to adopt com-
prehensive attention mechanisms in pillar features. To this
end, we propose a Pillar Aware Attention (PAA) module
that performs attention on pillars utilising improved attention
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Fig. 2. Point cloud density of pedestrian instances with challenging postures
(A), and at increasing distances to the LiDAR sensor (B) captured in the
JRDB [29] dataset (point clouds are zoomed and coloured for better visibility).
Blue bounding boxes are instances of interest.

mechanisms. The PAA module includes multi-point-channel
pooling, point-wise, channel-wise, and task-aware attention
techniques to enhance pillar representations. Multi-point-
channel pooling uses various pooling strategies to grasp context
information from all points in a pillar. Point- and channel-wise
attentions retain proper information during the feature extraction
by suppressing redundant information. Task-aware attention
switches the channels on or off based on their contributions to
downstream tasks by selecting the most representative channels.
We will show that PAA module is a key in boosting the perfor-
mance of pedestrian detection.

Challenge 2: Fewer pillars enclosing pedestrians after quan-
tization as a result of their small occupancy and point sparsity
in 3D point cloud. In comparison with vehicles, human are
relatively small, and thus occupy fewer pillars after the quan-
tisation step. As demonstrated in Fig. 2 B, distant pedestrians
are really small and hard to detect, due to their size and the
sparsity of the sensor’s laser beams. This becomes more chal-
lenging in crowded and/or cluttered areas, where people tend to
stand or move in dense groups (cf. Fig. 6). Therefore, detecting
pedestrians may require more than just extracting a naive pillar
feature, e.g. to enrich feature representations in both low- and
high-resolution point clouds.

Thus, we introduce Mini-BiFPN, a lightweight feature net-
work inspired by [39] that bidirectionally connects and fuses
multi-resolution features.The learnable weights in Mini-BiFPN
fusion gates can be adaptively adjusted based on the contribution
of features at multiple resolutions. Also, the module is composed
of three convolutional blocks with a minimal number of layers,
making it lightweight and efficient.

Combining the aforementioned modules, we present
PiFeNet, a novel end-to-end trainable 3D object detector capable
of extracting important features in real-time, which benefits from
the reduced inference latency of single-stage methods and the
improved feature extraction mechanisms from attention. Our
contributions are as follows:

1) We introduce a stackable Pillar Aware Attention Module,
modelling various attention on pillars for a better feature
learning.

2) We propose Mini-BiFPN, a lightweight network that effi-
ciently performs weighted multi-scale feature fusion and
provides bidirectional information flows.

3) We comprehensively evaluate the performance and gen-
eralisability of our framework on three large-scale 3D
detection benchmarks, including KITTI [11], JRDB [29]
and Nuscenes [4]. Compared with the published coun-
terparts, PiFeNet achieves SOTA performance on KITTI
(BEV) and JRDB, as well as competitive performance on
nuScenes.

II. RELATED WORK

3D object detection from LiDAR point cloud: In general,
3D detectors for LiDAR point cloud can be classified into
two types: one-stage and two-stage. Two-stage detectors [6],
[24], [33], [34], [45], [51] first generate a series of anchors
by the region proposal network (RPN), and then predict pro-
posals based on these anchors. Many two-stage works [6],
[33], [34] enhance RPN outputs, while others [24], [45], [51]
refine point cloud representations by multi-modal feature fusion
from RGB images and 3D point clouds. Recently, Transformer-
based two-stage approaches EQ-PVRCNN [47] and CasA [44]
leverage the Query-Key mechanism to refine intermedi-
ate representations/proposals, serving as inputs to the latter
stage.

Although two-stage approaches provide more accurate pre-
dictions than one-stage detectors, they are significantly slower
than one-stage counterparts due to the high computation over-
head. One-stage approaches make a trade off between detec-
tion speed and accuracy. The recent progress on one-stage
detectors [12], [48], [53] have been shown a very competitive
performance compared to the two-stage approaches. They apply
fully convolutional network on modified point cloud represen-
tations such as pillars [21] and voxels [46], [54], to directly
regress proposals. SA-SSD [12] further transforms convolu-
tional feature maps to point-level representations to capture more
structure-aware features. 3D-SSD [48] proposes a real-time
network by eliminating upsampling layers and the refining stage.
CIA-SSD [1] uses one fusion gate to link multi-scale features,
while our Mini-BiFBN module presents four fusion gates. Most
recently, SE-SSD [53] proposes a shape-aware augmentation
method to train a pair of teacher-student SSDs, which is encour-
aged to infer entire object forms.

These 3D detectors achieve great performance in detecting
general object categories. Nevertheless, they do not perform
well in detecting pedestrians due to aforementioned challenges.
TANet [27] proposes a triple attention module, which can bet-
ter extract discriminating features for pedestrians by attention
mechanisms. However, this technique only considers the maxi-
mum values of the pillars’ channels as encoded representations,
and these maximum values do not reflect rich representations
of all the points inside that pillar, which is essential for precise
object detection and localisation. In this letter, we address this
weakness by proposing PAA module with multiple attention
mechanisms and improved pooling strategies.

Attention mechanisms in object detection: Attention mech-
anisms have been shown to be advantageous for a variety of
computer vision applications, including image classification [2],
[12], [14], segmentation [10], and object detection [38]. Particu-
larly in the detection of small objects, the technique is applied to
guide the model’s attention to very small details without incur-
ring a considerable computational cost. Following the feature
maps generated by convolutional layers, the attention masks are
then computed to capture the spatial (Non-local Net [41] and
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Fig. 3. The PiFeNet’s architecture. Input point clouds are first converted to pillars, and then passed through stacked PAA modules for feature extraction. The
most expressive features are chosen and converted into a pseudo image, which serves as the input of Mini-BiFPN for generating 3D bounding boxes.

Criss-cross Net [17]) and channel-related information (SE [14]
and AiA [8]). Also, some techniques such as CBAM [43] and
CA [13] combine the two for improved information fusion. In 3D
vision tasks, Point-attention [9] proposes a self-attention struc-
ture and skip-connection to capture long-range dependencies
of points for point cloud segmentation. Point-Transformer [52]
learns the attention weights for the neighbour points, by using
local geometric relationships between the center point and its
surrounding.

Following the success of pillar-based approaches [21], [27],
PiFeNet is a novel end-to-end trainable 3D object detector
capable of extracting important features of small objects in
real-time, which benefits from the reduced inference latency
of single-stage methods and the improved feature extraction
mechanisms from attention.

III. OUR APPROACH

This section introduces pillar-based PiFeNet for 3D object de-
tection, followed by the formulas of multi-point-aware pooling,
channel-wise, point-wise, task-aware attention mechanisms in
the PAA module, and the Mini-BiFPN’s structure.

A. Pillar-Feature Network (PiFeNet)

As shown in Fig. 3, PiFeNet firstly takes a point cloud as input
and quantises it into pillars by a pillar generator module similar
to [21]. Next, we stack our PAA modules to extract pillar features
with reduced information loss. Then the attention-weighted
pillar features are scattered onto a pseudo-image, which is run
through our Mini-BiFPN to fuse features on different resolu-
tions. Finally, we use a simple detection head including classifi-
cation and box regression branches to produce detection results.

B. 3D Object Detection

3D object detection expects to predict a 3D bounding box
(cx, cy, cz, w, l, h, θ) for each object. cx, cy, cz denote the x, y,
and z centers of the box, respectively.w, l, h are the box’s dimen-
sions and θ is the heading angle. The input of the model is a set
of points (point cloud), defined as T = {pi = [xi, yi, zi, ri]

� ∈
R}i=1,2,3,...,M . xi, yi, zi are the x, y, and z coordinates of points,
respectively. ri is the points’ reflection intensity, and M is
the total number of points. Assume the dimension of a point
cloud T is defined as L∗ for length (x axis), W ∗ for width
(y-axis), and H∗ for height (z-axis). T is then equally divided
into pillars [21] (z-axis stacked voxels) along the x and y axes.
Due to the sparsity and unequal distribution of the point clouds,

Fig. 4. Detailed architecture of the Pillar Aware Attention module.

each pillar has a varying amount of points. Let N be a pillar’s
maximum number of points, C be the number of channels of
each point, and P be the amount of pillars in the pillar grid
G, where G = {p1, p2, . . . pj}j≤P . Each pillar’s dimensions are
[p∗W , p∗L, p

∗
H ], where p∗H = H∗ since we do not divide the point

cloud along z-axis. Let the number of output classes be Nc, and
Na is the number of anchors per pillar. Our PiFeNet directly
takes a raw point cloud as input and produces P ×Na ×Nc

prediction boxes and their classifications.

C. Pillar Aware Attention (PAA) Module

As shown in Fig. 4, our PAA module begins with multi-point-
channel pooling followed by two branches of point- and channel-
wise attention. The outputs are then integrated by element-wise
multiplication before going through the task-aware attention
sub-module.

Multi-point-channel pooling: To capture the context of all
points and channels in a pillar, we present a multi-point-channel
pooling, which applies both max and average pooling to the
point- and channel-wise dimensions in point clouds. Consider
a pillar grid G ∈ RP×N×C , where N is the maximum number
of points, C is the number of channels in a pillar, and P is the
maximum amount of pillars {p1, p2, . . . pj}j≤P in the grid. We
perform channel-wise average and max pooling on the pillar grid
G to aggregate channel information. The outputs are two dis-
tinct channel context representations Fmean

c and Fmax
c , where

Fmax
c , Fmean

c ∈ RP×1×C . The same strategies are also applied
to the point-wise dimension to aggregate the point information
Fmean
p and Fmax

p , where Fmax
p , Fmean

p ∈ RP×N×1.
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Channel- and Point-wise attention: To encapsulate the global
information, Fmean

c and Fmax
c are passed through a shared

multi-layer perceptron (MLP) with two fully-connected layers,
an activation function δ, and a reduction ratio r (the same applied
to Fmean

p and Fmax
p ). The outputs of the MLP are summed

element-wise to generate the final attention score vectors Ac ∈
RP×1×C and Ap ∈ RP×N×1:

Ac/p = σ
(
w1

(
w0δ

(
Fmean
c/p

))
+ w1

(
w0δ

(
Fmax
c/p

)))
(1)

where σ is Sigmoid function. The weights in the two fully-
connected layers are w0 ∈ RN/r×N and w1 ∈ RN×N/r in case
of point-wise attention, or w0 ∈ RC/r×C and w1 ∈ RC×C/r for
channel-wise attention. The full attention matrix is then achieved
by combining channel-wise attention Ac and point-wise at-
tention Ap using element-wise multiplication Mj = Ap ×Ac,
where Mj ∈ RN×P×C . By multiplying Mj with the original
pillar Pj , we can obtain attention-weighted features in both
channel-wise and point-wise dimensions.

After the point-wise and channel-wise attention sub-modules,
the pillar features become more expressive and sensitive to all
points in the point cloud and their channel features (x, y, z
locations, centres).

Task-aware attention: The task-aware attention sub-module is
chained at the end to dynamically control the activation of each
channel. The output pillar features are then reorganised into dis-
tinct activations in response to the needs of various downstream
tasks (i.e. detection and classification). Similar to [7], given the
feature map Fc ∈ R1×N of the pillar pj and the channel Ck, the
activation is calculated as follows:

Ak
T (Fc) = max

(
α1
k · Fc + β1

k, α
2
k · Fc + β2

k

)
(2)

where Ak
T (Fc) is the task-aware weighted pillar feature map

of the channel Ck. [α1
k, β

1
k, α

2
k, β

2
k] = θ(·) is a hyper-function to

control channel-wise activation thresholds. It is constructed from
one global pooling, two fully-connected layers and a shifted
sigmoid layer f(x) = 2σ(x)− 1 to normalise the output to
[−1, 1] before multiplying with the original features. Note that
θ(·) is initialised with [1,0,0,0], indicating that (2) is originally
a ReLU function max{Fc, 0}. Finally, the task-aware weighted
features are concatenated or summed back to the input features.

Stackable PAA module: Our approach stacks two PAA mod-
ules to better leverage multi-level feature attention. The first
module combines nine task-aware weighted features with the
original ones. The resulting 18 channels are then used as input
to the second PAA module. The PAA results are element-
wise added to the input of a fully-connected layer. The fully-
connected layer increases the feature dimension to 64 for greater
expressiveness. Eventually, a point-wise max pooling is per-
formed to extract the strongest features, serving as inputs of
Mini-BiFPN module, as shown in Fig. 3.

D. Mini-Bifpn

Given the small occupancy of pedestrians in point clouds,
the feature network needs more comprehensive connections,
so that features from multiple resolutions can complement and
compensate each other. Therefore, we propose Mini-BiFPN
detection head, a faster variant of BiFPN [39] that significantly
improves the performance in 3D object detection with minimal
efficiency trade-offs. Mini-BiFPN firstly inputs a pseudo-image

into convolutional blocks B1, B2, B3 to produce a list of fea-
tures F̄in = (F 1

in, F
2
in, F

3
in), with resolutions 1/2i−1 of input

pseudo-image where i ∈ (1, 2, 3). Next, the multi-scale features
are aggregated by repeatedly applying top-down and bottom-up
bidirectional feature fusions, as shown in Fig. 3. Trainable
weights are added to adjust the fusion weights accordingly. Our
Mini-BiFPN can be formalised as follows:

F 2
up = conv

(
δ

((
w′

1 · F 2
in + w′

2 · upsample
(
F 3
in

)
w′

1 + w′
2 + ε

))
(3)

F 2
out=conv

(
δ

(
(w′′

1·F 2
in+w′′

2·F 2
up+w′′

3·downsample(F 1
out)

w′′
1+w′′

2+w′′
3+ε

))
(4)

where δ is Swish activation function adopted from [39], and F 2
up

is the fusion result of F 2
in and F 3

in. Then F 2
out is calculated by

F 2
up, F 1

out, and F 2
in. w′

1,..,i and w′′
1,..,i are trainable parameters

where i is the nu [32]. F 1
out and F 3

out are computed similarly
to F 2

out. The final feature representation is the concatenation of
F 1
out,F

2
out, andF 3

out. It is then passed into a simple SSD [26] de-
tection head including classification and box regression branches
for final predictions.

Loss function: Similar to SECOND [46], Focal loss [25] and
L1 loss are used for bounding box classification and regression,
respectively.

IV. EXPERIMENTS

Our proposed PiFeNet is evaluated on KITTI [11], JRDB [29]
and Nuscenes [4] benchmarks. We choose CBGS-PP (Pointpil-
lars backbone) as a baseline for Nuscenes and PointPillars for
KITTI and JRDB. We tried training PiFeNet on KITTI using
pretrained weights on JRDB and observed that the pretraining-
finetuning strategy is not necessary considering the domain shift,
sensor setup, and LiDAR resolution differences among datasets.
Similar behaviours are also seen in [18]. Therefore, all models in
this work are trained from scratch (random weight initialisation).

KITTI has 7481 and 7518 samples for training and testing,
respectively. The training set is further split into training and
validating set with a ratio of 85:15. We conduct experiments on
the “Pedestrian” category and use average precision (AP) with
an (IoU) threshold of 0.5 as an evaluation metric. The detection
range is [0, 47.36], [−19.84, 19.84], [−2.5, 0.5] metres in X
and Y and Z coordinates, respectively. Pillar size is [0.16, 0.16,
4] metres in width, length, and height. Also, ground truths are
mixed with sampled objects from other point clouds, together
with random global rotation, scaling, and translation.

JRDB is a novel human-centric dataset comprised of more
than 1.8 million 3D cuboids surrounding all pedestrians in both
indoor and outdoor settings. This dataset contains 54 sequences,
27 for training and 27 for testing. During training, we select 5
from 27 sequences for validation, as suggested in [29], and we
use AP with an IoU of 0.5 to monitor the training process. The
detection range is [-39.68, 39.68] in X and Y, and [−2, 2] in
Z LiDAR coordinate. Random pedestrians are cut-and-pasted
to the scene ensuring at least 30 people per input point cloud.
Random rotation, flipping and scaling are also applied. The top
300 proposals after Non-max suppression (NMS) with IoU of
0.5 are kept as final predictions.

Nuscene: We adopt CBGS [55] augmentations strategies
(global translation, scaling, and rotation) and multi-task heads.
The detection range is [−51.2, 51.2] metres for X and Y, and
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TABLE I
COMPARISON WITH PREVIOUS APPROACHES FOR 3D OBJECT DETECTION TASK ON THE KITTI OFFICIAL TEST SPLIT FOR PEDESTRIAN ON BIRDS-EYE-VIEW (BEV)

AND 3D DETECTION TASKS. THE AP IS CALCULATED USING 40 RECALL POSITIONS, AND 3D MAP REPRESENTS THE MEAN AVERAGE PRECISION OF THE THREE

DIFFICULTIES. “*” DENOTES RUN-TIME IS CITED FROM KITTI OFFICIAL WEBSITE

[−5, 3] for Z LiDAR coordinates, pillar size is set at [0.2, 0.2,
8] in width, length, and height respectively. We train the model
for 20 epochs with a batch size of 2. During testing, top 83
predictions with confidence scores greater than 0.1 are kept, and
rotated NMS with IOU threshold of 0.02 is applied.

AdamW [28] optimiser and One Cycle policy [37] with max
LR at 0.003 are used in all experiments.

A. Comparison With State-of-The-Arts

KITTI: As shown in Table I, PiFeNet outperforms all the ex-
isting state-of-the-art approaches in BEV detection. Our model
outperforms TANet [27] by 2.64 mAP in BEV and 2.22 mAP
in 3D detection. It also surpasses the current strongest BEV
pillar-based detector Frustum-PointPillars [30] by 2.06 mAP in
BEV pedestrian detection.1 These significant improvements are
caused by the enhanced expressiveness of the pillars, together
with better communication between pillars at multiple scales.
While achieving SOTA performance, PiFeNet’s inference speed
is 26 FPS (cf. Table VI), making it one of the most efficient
detectors on KITTI.

JRDB and nuScenes: We further evaluate our model on
JRDB-3D detection benchmark. Compared to other published
methods, our model is ranked first on JRDB 20192 in multiple
AP thresholds (i.e. 0.3, 0.5, and 0.7). Our model also achieves
the best performance on the recently launched JRDB 20223

3D detection leaderboard. We also present in Table II the per-
formance of our approach on nuScenes. Compared with our

1[Online]. Available: cvlibs.net/datasets/kitti/eval_object.php?obj_
benchmark=bev

2[Online]. Available: https://jrdb.erc.monash.edu/leaderboards/detection
3[Online]. Available: https://jrdb.erc.monash.edu/leaderboards/detection22

TABLE II
PIFENET PERFORMANCE ON OFFICIAL NUSCENES TEST SET COMPARED TO

OTHER APPROACHES. BOLD VALUES ARE THE BEST PERFORMANCE

TABLE III
PIFENET PERFORMANCE ON OFFICIAL THE JRDB 2019 AND NEWLY

LAUNCHED JRDB 2022 TEST SETS COMPARED TO OTHER APPROACHES.
*REPRODUCED RESULT

baseline Pointpillars++[21], there is a significant improvement
of 0.11 AP in pedestrian detection.

In Fig. 5, we present our qualitative findings which include
both detection results (Fig. 5 A and 5 C) as well as some
typical failure cases (Fig. 5 B and 5 D). Fig. 5 C shows the
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Fig. 5. Visualization on KITTI val set (A, B) and test set (C, D). Each visualization includes BEV (right), 3D point clouds (top), and 2D image (bottom). The
ground truth boxes are green, the predicted boxes are red with yellow confident scores. B and D are typical val and test set failures.

Fig. 6. Qualitative results on JRDB 2022 official test set. Very crowded indoor (A) and outdoor (B) settings are visualised (2D panorama image at the top, 3D
point cloud at the bottom). Prediction bounding boxes (with red cross showing heading direction) are shown in red. Best viewed in color.

robustness of our model when it can accurately detect all pedes-
trians in the picture, even at very long distances. Compared to
Pointpillars [21], we successfully overcome the lack of expres-
siveness in the extracted pillar features, which usually leads
to confusion between narrow vertical features of trees/poles
and pedestrians. Given the fact that we rarely see the model
misclassify a tree/pole as a pedestrian (see Fig. 7), we did find
an instance where the model was confused when encountering
a stack of soda crates as in Fig. 5 D. The second difficulty arises
when pedestrians are too close together (Fig. 5 B), preventing
the model from accurately locating both items. However, as
shown in Fig. 6 A, PiFeNet can elegantly distinguish people
from background objects in a very crowded indoor scene, thanks
to the improved representation and multi-scale communication
between pillars.

V. ABLATION STUDIES

We provide extensive ablation experiments to evaluate the
efficacy and contribution of each component in PiFeNet. These
experiments are conducted on the official KITTI val split. We
use Pointpillars [21] as our baseline. Our baseline without any
attention mechanisms reaches 61.43 overall mAP, and achieves
66.73, 61.06, and 56.5 AP at three difficulty levels (easy, mod-
erate, and hard).

Attention module analysis: We use both average and max
pooling as a default setting, then we sequentially test each of
the PAA module’s components and their combinations. Ac-
cording to Table IV, channel-wise and task-aware attention
alone does not significantly improve the performance. However,
combining them results in a significant 2.2% mAP increase.
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TABLE IV
ABLATION STUDY ON PAA MODULE’S COMPONENTS

Fig. 7. Qualitative improvement of the model with PAA modules (without
Mini-BiFPN) over the baseline PointPillars. The figure shows that, without PAA
modules, the trees on the right are wrongly classified as pedestrians, while the
model with the PAA modules correctly classifies them as background. Best
viewed in color.

TABLE V
ABLATION STUDY ON THE NUMBER OF STACKED PAA MODULES

Moreover, integrating point-wise attention with either channel-
wise or task-aware slightly improves the performance. There-
fore, while standalone point-wise attention (2.3% mAP increase)
can significantly increase model performance, channel-wise and
task-aware sub-modules must be employed together for better
accuracy. Additionaly, Fig. 7 shows the qualitative result of
models with and without PAA modules.

Number of stacked PAA modules: Table V shows how the
number of PAA modules affects the performance. Firstly, more
PAA modules improve the accuracy, which demonstrates the
effectiveness of our PAA module. Nevertheless, when we stack
three PAA modules or more, the performance improvement
rate slightly decelerates and the model requires more time for
running. To balance the accuracy and speed, we use two PAA
modules in other experiments.

Pooling mechanisms analysis: In the last 3 rows of Table IV,
we show that each pooling method improves the performance
(point-, channel-, and task-aware sub-modules are included as
default). The z-axis related channels may be used to extract the

TABLE VI
CONTRIBUTION OF MODULES TO PIFENET

maximum height of points inside a pillar, while the x and y-axis
related channels can be used to extract the mean position of
points inside a pillar. While average pooling outperforms max
pooling in detecting moderate and hard objects, max pooling is
better in detecting easy ones. Concurrent usage of both pooling
these methods increases mAP to 64.2, showing that both pooling
mechanisms are essential.

Mini-BiFPN modules analysis: Table VI also presents the
outcome of the Mini-BiFPN module. By gathering more in-
formation from other stages of the feature network, our Mini-
BiFPN’s gate-controlled cross-scale connections and bidirec-
tional information flow provide more accurate predictions. As
in Table VI, after switching from the baseline feature network to
the Mini-BiFPN module, we achieve a significant improvement
in all APs (7.05, 6.63, and 5.01 increase in easy, moderate,
and hard APs) as well as 6.23 increase in mAP compared to
the baseline. Thus, both PAA and Mini-BiFPN modules are
important components of our model..

Run-time Analysis: At inference time, PiFeNet can reach an
average speed of 26 FPS (39.16 ms latency), which breaks
down into 5.84 ms for data pre-processing, 18.12 ms for PAA
module, 0.60 ms for scattering the features to a pseudo-image,
13.26 ms for Mini-BiFPN, and 1.34 ms for post-processing the
predictions. The experiment is conducted on the KITTI dataset
and a single NVIDIA V100 GPU. Following previous works,
we also compare the inference speed (in FPS) between PiFeNet
and other published approaches. While this comparison cannot
be easily benchmarked due to hardware/computation variations,
it still demonstrates the efficiency of our detector for running in
real-time.

VI. CONCLUSION

Our PiFeNet has been presented, addressing two main is-
sues in 3D pedestrian detection. First, we introduced the Pillar
Aware Attention Module, which combines multi-point-channel-
pooling, point-wise, channel-wise, and task-aware attention to
better extract pillar features. Next is the Mini-BiFPN module,
a lightweight feature network that leverages cross-scale feature
fusion and bidirectional connections, enriching information flow
in the feature network. Our method achieves SOTA performance
on both large-scale benchmarks KITTI [11] and JRDB [29], and
competitive results on Nuscenes [4].
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