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Abstract—Transformer-based methods have demonstrated su-
perior performance for monocular 3D object detection recently,
which aims at predicting 3D attributes from a single 2D image.
Most existing transformer-based methods leverage both visual
and depth representations to explore valuable query points
on objects, and the quality of the learned query points has
a great impact on detection accuracy. Unfortunately, existing
unsupervised attention mechanisms in transformers are prone to
generate low-quality query features due to inaccurate receptive
fields, especially on hard objects. To tackle this problem, this
paper proposes a novel ‘“Supervised Scale-aware Deformable
Attention” (SSDA) for monocular 3D object detection. Specif-
ically, SSDA presets several masks with different scales and
utilizes depth and visual features to adaptively learn a scale-
aware filter for object query augmentation. Imposing the scale
awareness, SSDA could well predict the accurate receptive field of
an object query to support robust query feature generation. Aside
from this, SSDA is assigned with a Weighted Scale Matching
(WSM) loss to supervise scale prediction, which presents more
confident results as compared to the unsupervised attention
mechanisms. Extensive experiments on the KITTI and Waymo
Open datasets demonstrate that SSDA significantly improves the
detection accuracy, especially on moderate and hard objects,
yielding state-of-the-art performance as compared to the exist-
ing approaches. Our code will be made publicly available at
https://github.com/mikasa3lili/SSD-MonoDETR.

Index Terms—Monocular 3D Object Detection, Vision Trans-
former, Scene Understanding, Autonomous Driving.

I. INTRODUCTION

HE recent progresses in 3D-related studies have tremen-
dously promoted their wide applications in multiple ob-
ject tracking [1], [2], depth and ego-motion estimations [3],
[4], and object detection for autonomous driving [5], [6] or
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Fig. 1: Two examples to visualize the predicted key points (cycle) on
object queries (cross) by (a) MonoDETR and (b) SSD-MonoDETR,
where the red indicates the higher attention weight. It is obvious that
SSDA could generate key points with higher quality by using the
scale-aware mechanism.

indoor robotics [7], [8]. Benefiting from high-performance
hardware, 3D object detection methods based on LiDAR
points [9], [10], [11], [12] or binocular images [13], [14], [15]
have achieved promising performance, but still suffer from
high hardware costs. Comparatively, monocular 3D object
detection [16], [17], [18], which predicts 3D attributes from a
single image, could greatly save computation- and equipment
costs and thus has attracted increasingly more research atten-
tion.

Most existing monocular 3D detection methods revise
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the traditional 2D object detectors [19], [20], [21], which
either require adjusting abundant manual parameters like an-
chors, region proposal and NMS [16], [22], [23], [24], or
over-depend on exploring the geometric relationship between
2D and 3D objects [25], [26], [27]. Comparatively, newly
proposed transformer-based detectors like MonoDETR [28]
could avoid tedious parameter settings, and have demonstrated
superior performance for monocular 3D object detection [29],
[30], [28]. Given an input image with random query points,
MonoDETR [28] first adopts several attention operations on
visual and depth maps (see Figure 1 (a)) to search for relative
key points for each query, and then integrates the features
from these key points to predict 3D attributes. Technically,
although deformable attention could find the amount of relative
key points for a query, still suffers from the serious noisy
point problem, especially on hard objects, where many key
points deviate to background or irrelative objects (see Fig-
ure 1 (a)). This problem stems from the inherent mechanism
of deformable attention, which is fed by a set of randomly
initialized queries, and needs to adaptively explore relative
key points for queries without the ability to estimate their
receptive fields. Without the assistance of a precise receptive
field, the predicted key points for a query tend to drift to other
similar objects, generating noisy key points outside the object.
As a result, the feature aggregation from noisy points would
significantly affect 3D attribute prediction.

To alleviate this problem, this paper proposes a Supervised
Scale-aware Deformable Transformer for monocular 3D ob-
ject detection (SSD-MonoDETR). Different from MonoDETR,
SSD-MonoDETR reduces the depth cross-attention layer and
introduces a novel Supervised Scale-aware Deformable Atten-
tion (SSDA) layer to emphasize key point prediction for object
queries (see Figure 1 (b)). Specifically, given a query, SSDA
first presets several masks with different scales to extract
multi-scale local features for the query from the input visual
map, as well as predicts the scale probability distribution of
the query from the depth map. On this basis, SSDA then
adopts a lightweight adaptive layer to learn the receptive field
of the query, which could offer valuable scale information
for keypoint prediction. To guide the learning of SSDA, we
design a Weighted Scale Matching (WSM) loss to extract
the scale probability distribution output by the SSDA layer
and use the scale ground truth to supervise it. As a result,
the inner parameter updating of deformable attention could
receive direct supervision, thus owning the ability to estimate
the receptive field of a query to guide key point generation
as compared to the original deformable attention. Benefiting
from this, the noisy key point generation could be well alle-
viated, and more accurate query features are extracted for 3D
attribute prediction (see Figure | (b)). We conduct extensive
experiments on the KITTI and Waymo Open datasets, and the
experimental results demonstrate the effectiveness of SSDA
especially on moderate and hard objects, yielding state-of-the-
art performance as compared to the existing approaches.

At a glance, this work yields the following contributions:

1) We propose a Supervised Scale-aware Deformable At-
tention (SSDA) mechanism to improve the quality of

the learned object queries in transformers. Compared
to deformable attention, SSDA could better predict the
receptive field of an object query to support accurate key
point generation, yielding high-quality query features for
3D attribute prediction.

2) We design a Weighted Scale Matching (WSM) loss on
SSDA to directly supervise the scale learning of queries
without extra labeling costs, which is more effective as
compared to the existing unsupervised attention mecha-
nisms in transformers.

3) An extensive set of experimental results on the KITTI
and Waymo Open datasets demonstrates the leading
performance of our approach as compared to the state-
of-the-art approaches in moderate and hard subsets.
Furthermore, the near real-time inference time indicates
the high applicability of our method in real cases.

In the rest of this paper, we first introduce the works related
to our research in Section II, and then we elaborate on the
details of our framework in Section III. Finally, we conduct
a comprehensive variety of comparative and evaluation ex-
periments to verify the effectiveness of the proposed method
in Section IV, and give the conclusion, limitation, and future
perspective of our work in Section V.

II. RELATED WORK

Monocular 3D object detection aims to estimate the 3D
attributes of objects from a single image, where depth estima-
tion is an ill-pose problem thus especially difficult. To boost
the performance, many approaches explore the assistance of
external resources like depth maps [23], [31], [32], [33] or
LiDAR [29], [34], [35]. Although effective, they inevitably
bring extra costs to data collection and calculation. To this
end, image-only methods without extra data have attracted
increasing attention.

Image-only monocular 3D object detection: Most ex-
isting image-only monocular 3D object detection approaches
[36], [37], [38], [39] revise their pipelines based on 2D object
detectors [40], [41], [42]. To improve performance, the geome-
try prior or key point prediction are the common strategies. For
the methods that use geometric prior, OFT-Net [43] proposes
an orthographic feature transform to transcend the limitations
of the image domain by converting image-based features
into a 3D orthographic space. MonoRCNN [24] proposes a
geometry-based distance decomposition to factor the object
distance into more stable physical and projected 2D heights.
Based on MonoRCNN, MonoRCNN++ [44] further models
the joint probability distribution of the physical height and
visual height. Monopair [45] further explores the spatial rela-
tionship between pairs of objects to augment the 3D location.
MonoJSG [46] utilizes pixel-level geometric constraints to
progressively refine the depth estimation. Another stream of
methods first predicts the key points of the 3D bounding box
and regards it as an auxiliary task. For example, RTM3D [47]
predicts nine key points of a 3D bounding box to explore
the 2D-3D geometric relationship to recover the 3D attributes.
SMOKE [18] is built based on the CenterNet [48], which treats
the objects as points and combines the key points estimation
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Fig. 2: The architecture of SSD-MonoDETR, where SSDA with a WSM loss is introduced to localize the scope of each object query,
yielding a more accurate query receptive field (the red points) as compared to MonoDETR (the white points).

with 3D attributes regression. MonoDLE [49] revisits the issue
of misalignment between the center of the 2D bounding box
and the projected center of the 3D object, thus proposing to di-
rectly detect the projected 3D center. MonoFlex [50] addresses
the prediction of long-tail truncated objects by decoupling
the edge of the feature map, whose backbone utilizes three
perspective-projection-based and one direct-regression-based
depth estimators. Compared to MonoFlex, PDR [51] only
requires one perspective-projection-based estimator to regress
depth to realize a lighter architecture but better performance.
With complicated designs, the above methods have achieved
performance improvements, but there is still room for break-
throughs in accuracy and speed.

Transformer-based object detection: Transformer [52]
was initially introduced in sequential modeling and has made
significant advancements in the area of natural language
processing (NLP). For object detection, DETR [53] first de-
signs a novel pipeline based on the successful self-attention
mechanism in transformers and abandons the complex manual
settings in traditional 2D detectors. Based on DETR, there
are many works [54], [55], [56] that strive to make further
improvements. For example, Anchor DETR [57] designs an
anchor-based object query thus the object queries could focus
on the objects near the anchor points. [58] proposes a feature
of interest selection mechanism to tackle the slow convergence
of DETR caused by the Hungarian loss and the cross-attention
mechanism. Conditional DETR [59] learns a conditional spa-
tial query for the decoder, which could shrink the spatial range
for queries and thus realize faster training. To accelerate the
training process as well as improve the performance on small
objects, Deformable DETR [60] proposes a novel deformable
attention module where the queries only pay attention to a
small set of key sampling points around themselves.

Transformer-based monocular 3D object detection:
Inspired by the successful applications of transformers in
2D object detection [61], [62], [63], [64], recent researchers
have turned to paying increasing attention to transformers
for monocular 3D object detection, which could save cum-
bersome post-processing such as non-maximum suppression

(NMS). For instance, MonoDTR [29] introduces LiDAR point
clouds as auxiliary supervision of its transformer pipeline
and utilizes the learned depth features as the input query
of a decoder. Without any extra data, DST3D proposes a
novel structure [30] combining Swin Transformer [65] with
deep layer aggregation [66] to realize 3D object detection.
MonoPGC [67] proposes a depth-space-aware transformer and
a depth-gradient positional encoding to combine 3D space
positions with depth-aware features. MonoDETR [28] designs
a depth-guided decoder, which utilizes a depth cross-attention
layer to extract the global depth cues and a deformable
attention layer to aggregate local visual features for queries.
Thanks to the creative depth-guided decoder, MonoDETR
achieves competitive performance.

Differently, this paper focuses on improving the quality
of object queries in MonoDETR by imposing scale awareness
for monocular 3D object detection. We newly design a Super-
vised Scale-aware Deformable Attention (SSDA) to replace
deformable attention in MonoDETR, which could predict the
receptive field of an object query to better support accurate
feature generation for it.

III. METHOD
A. Architecture Overview

Figure 2 demonstrates the architecture of the proposed Su-
pervised Scale-aware Deformable Transformer for monocular
3D object detection (SSD-MonoDETR). Specifically, SSD-
MonoDETR first adopts a feature backbone to generate the
initial feature map for a given image. On this basis, the visual
and depth encoders are employed to extract global visual and
depth representations respectively, which are then passed to a
transformer decoder to generate valuable queries for object
prediction by detection heads. Compared to MonoDETR,
SSD-MonoDETR introduces a Supervised Scale-aware De-
formable Attention (SSDA) module to integrate vision and
depth information on each object query with a scale awareness,
yielding more accurate receptive field as well as better multi-
scale local feature representations for object queries. More-
over, we design a Weighted Scale Matching (WSM) loss for
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Fig. 3: The detailed implementation of SSDA, is composed of three steps: (a) query-specific multi-scale local feature extraction, (b) depth-

guided scale matching prediction, and (c) object query updating.

SSDA to impose scale awareness on object queries. As a result,
our approach could better localize the scope of a query for
accurate feature extraction.

B. Supervised Scale-aware Deformable Attention

SSDA belongs to the transformer decoder in SSD-
MonoDETR and receives the visual embedding F'y,, the
depth embedding Fp, and a set of learnable queries Q from
the last self-attention layer. Specifically, SSDA first extracts
multi-scale local visual features for each query in Q (see
Section III-B1), as well as predicts the corresponding depth-
guided scale matching probabilities for different scales (see
Section III-B2). Then, SSDA integrates multi-scale local fea-
tures and scale-matching probabilities by using an adaptively
learning layer to form a scale-aware filter, which is used for
key point prediction and query updating (see Section III-B3).

1) Query-specific Multi-scale Local Feature Extraction:
As Figure 3 shows, given the global visual representation
Fy € Ri6%16 %, where H, W, C are the height, width, and
channel of an input image, this step aims to generate multi-
scale local visual features for each query g € Q. Here, each
query ¢ is initialed with a feature embedding f, € R, and
a position coordinates (g,,q,), which are all learnable. Our
approach first takes the query q as the center to generate [V,
masks {M,;}n, with the assumption that the scale of one of
the masks is [ x [. We denote a set IL to contain all the preset
scales: L = {l,...0,...In,}. Then, the local visual feature
embedding f‘lfyq € RXDXC s generated as follows:

frg=Sv(Fv, My), (D

where Sy is a feature sampler. For the [ x [ elements within
M1, Sy extracts the corresponding feature embedding from
F'y according to their position coordinates. This generates a

local visual embedding fv to capture the visual representa-
tions for ¢ at the scale of l x [. Finally, we integrate all the
local embeddings in fV’ 4 to calculate an average local feature
fi.q € RY as follows:

- 1
Fra=172 Fa ©)

Ix1

where fv o reflects the average local feature representation at
the scale of [ x [. For each query g, our approach utilizes [V
masks to generate N; local feature embedding { fV7 4} N;» which
well captures multi-scale local feature information around gq.

2) Depth-guided Scale Matching Prediction: As shown in
Figure 3, given the depth representation Fpp € R16 %16 XC our
approach first employs a depth feature sampler Sp to directly
extract the corresponding feature embedding fp , € RE from
Fp for each query ¢:

fD,q = SD(FD7Q)' (3)

Intuitively, the depth representation fp , reflects the object
scale of a query to some extent, and thus it is reasonable to
design a projection function to map fp , to a scale matching
probability distribution P(q), which is formulated as follows:

P(q) = o(fp.q): “)

where o is a project function implemented by convolution
followed by softmax. P(q) is a N;-dimensional vector to rep-
resent the V; scale matching probabilities, which correspond to
the IV; local feature representations { f‘l, ¢} N, in Section ITI-B1.
After the one-to-one paired Hungarian matching algorithm,
all the querles are divided into object queries ¢* and non-object
queries ¢°, and we can obtain the ground truth scale l 1 (Le.,
the width of the 2D box) corresponding to the object queries
g'. We expect the predicted scale to be consistent with the

®—> Output



IEEE TRANSACTIONS ON INTELLIGENT VEHICLES, SEPTEMBER 2023

true value. Thus, we devise a scale-matching loss to guide the
learning of scale prediction:

1 .
L(q") = EZHP(W) s1—lg||L,, (5)
lelL

where ||.||z, is L1 loss, P(q',1) is the predicted proba-
bility on the scale I, and P(q',1) * [ represents the predicted
scale of ¢'. L(q') reflects the scale prediction error on ¢!,
and different object queries have different error values during
training. Generally, queries located on small objects are often
prone to generating large errors. To accelerate the model’s
convergence, it is expected that more attention is paid to the
queries with large errors, and thus we assign a penalty weight
item W(q') to L(q') to form our Weighted Scale Matching
(WSM) loss, which is expressed as:

Ly =3 > W)L ©)
qtEB

where B represents the number of object queries in one
training batch. W (q') reflects the importance of object queries,
and we adopt a query ranking mechanism to estimate it.
Specifically, for all the object queries in B, our approach
generates two query ranking queues QQp, Qr in descending
order according to their predicted scales and true scales,
respectively, and W (q') is calculated as:

W(ql) = log(|Index(Qr, ql) — Index(Qp, ql)\ +1), ()

where Index(Q, q') represents the ranking index of ¢! in Q.
When ¢! has the same index in both queues, W (g') = 0.
Otherwise, the large index difference between Index(Qr,q')
and Index(Qp,q') indicates that the predicted scale has a
large error, and thus it is required to give a high penalty weight
on ¢q'. A graphic explanation of WSM loss is shown in Figure
4. Compared to the previous loss weighting approaches [68],
[69], our ranking mechanism considers the relative weighting
correlations among all the object queries in a training batch,
which is more reasonable and global-aware.

As it can be observed, all the masks are preset to squares
and we use the width labels of 2D boxes to supervise the
scale of masks. As shown in Figure 1(a), suffered by the
similar features of the surrounding objects, the key points
of a query are very easily located on other objects without
any supervision in the deformable attention layer. From the
perspective of verity, all the objects are on the same horizontal
plane, thus in a 2D image, the nearby objects can only appear
on the left or right of the target object, but not on the top
or bottom. To this end, only limiting and designing a loss to
learn the width of the preset masks and restricting the height
to be the same, can help reach a desirable balance between
the performance and learning cost of the network.

3) Object Query Updating: The same as Deformable
DETR [60], given an initial query, the query updating aims
to search for several key points around the query, and then
integrate these key points with attention weights to form the
new query feature for the following attributes detection. As
aforementioned, although MonoDETR utilizes both depth and
visual features to predict key points, there still exist many
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Fig. 4: A graphic explanation of WSM loss, where the ranking
difference of ¢; is large thus the final WSM loss of ¢1 has been
further expanded.

noise key points. To alleviate this problem, as shown in
Figure 3, our query updating utilizes both multi-scale local
visual features and scale-matching probability to construct
a scale-aware filter to help find more accurate key points.
Concretely, given the multi-scale local feature and the scale-
matching probability of a query, our approach first multiplies
them and then employs an adaptive learning layer to generate a
scale-aware filter. Here, the adaptive learning layer contains a
lightweight convolutional network with a batch normalization
layer and an active layer. The generation process of scale-
aware filter 7 € RV*® can be expressed as:

L
F = Relu(BN(Conv(} "> fir, * P(q.1)))). ()

=1 q€Q

Next, we execute the element-wise operation between the
filter and the initial query feature to generate the scale-aware
features to better predict key points around their relative
queries. For better convergence, we do not directly predict
the coordinate of the key point but predict the offset Ap, =
(Ags, Agy) from the query coordinate pgy = (¢, qy):

Ap, = Linear(F - f,), 9

where the Linear operation project the input C-dimensional
feature into K x 2-dimensional coordinate vector, and K is the
number of key point for each query. Finally, the query feature
is updated by integrating these key points features with the
attention weights. The updated feature is obtained by:

FeaUpd(F, pq)

M K ) (10)
= Z Wi [Z Amqk' : WmFV(pq + Apmqk)]v
m=1 k=1

where M is the head number of attention layer, W,,, W;n are
the learnable weights, A, is the attention weights. Fy (p, +
Apmgr) presents the key point features sampled on visual
feature map Fy by the bilinear interpolation.

C. Training Loss

SSD-MonoDETR is an end-to-end network, and all the
components are jointly trained according to a composite loss
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function, which consists of Lsp, Lsp and Lyygas. Specifi-
cally, the 2D object loss Lsp uses Focal loss [19] to estimate
the object classes, L1 loss to estimate the 2D sizes (I,7,t,b)
and projected 3D center (x34, y34), and GIoU loss [70] for 2D
box IoU. Finally, the Lop could be expressed as:

L2D = )\chlass + )\2L2dsize + )\SLwy?)d + >\4Lgiou- (1 1)

As for the 3D object loss L3p, we follow MonoDLE [49]
to predict 3D sizes (hsq, w34, l34) and orientation angle «.. For
the depth prediction, we use the average of three depth values
to present the predicted depth dpy.:

1

dpre = g(dreg + dgeo + dmap)a (12)

where d,.q, is the depth value directly regressed by one
detection head, dgc, is obtained by the relationship between
2D and 3D sizes: b
d eo = 5D ’
g0 = 1 +b
where f is the camera focal length. d,,,, get value by the
projected 3D center (z3q4,y3q) and interpolation algorithm on
the depth map (see MonoDETR [28] for more details). For
the whole d,,., a Laplacian aleatoric uncertainty loss [45] is
adopted to form the final depth loss:

13)

2
Ldepth = ;Hdgf - dpre”l + 109(0)7 (14)

where o is the the standard deviation predicted together with
dreg, dgq is the ground truth depth value. As a whole, the Lzp
could be expressed as:

LSD = >\5L3dsize + )\GLangle + >\7Ldepth~ (15)

Additional, the proposed WSM loss Lyygas is equipped
on the SSDA module to improve query features. As a result,
our composite loss is expressed as:

L= Lop+ L3p + AsLwsw, (16)

where \; to Ag are the balancing weights. For \g, we will
conduct its utility evaluation in the experiments.

IV. EXPERIMENTS

A. Experimental Setup

Dataset: We verify the proposed SSD-MonoDETR on the
popular KITTT dataset [80] and Waymo Open dataset [81].
KITTI includes 7,481 training and 7,518 testing images.
Considering the unseen labels on the testing set, we follow [41]
to further split the training samples into 3,712 samples for
the sub-training set and 3,769 samples for the validation
set. We measure the detection results on three-level difficult
samples (easy, moderate, and hard), and mainly evaluate the
performance on the class “Car” by using the average precision
(AP) in 3D space and the bird-eye view denoted as AP3p and
APpgv, respectively, which are at 40 recall positions. Also,
the results of the class “Pedestrian” and “Cyclist” are listed
by using the average precision (AP) in 3D space to make a
comparison with the other existing approaches.

Waymo Open is a larger and more challenging autonomous

driving scene understanding dataset, which contains 798 train-
ing and 202 validation sequences and generates nearly 160k
and 40k samples, respectively. For training and testing our
method, we follow [75] to generate 52,386 training and
39, 848 validation images from the front camera, and the im-
ages for training are constructed by sampling every third frame
from the training sequences. For the evaluation metric, the
Waymo Open dataset defines two difficulty levels (Level_1:
points on object > 5, and Lewel_2: points on object > 1)
for all the instances, and each difficulty adopts two thresholds
(0.5,0.7) and four distance ranges (Overall,0 — 30m, 30 —
50m, 50m — inf) to evaluate the detection results.

Implementation Details: We adopt ResNet-50 [82] as the
feature extraction backbone and all the attention layers have
8 heads. For the decoder, we set 3 blocks and the number N
of input queries is set to 50. We select 5 scales {1,3,5,7,9}
of masks to extract local features for “Car”. For “Pedestrian”
and “Cyclist”, whose aspect ratio (h/w) are larger than “Car”
but have a relatively small size, to extract more accurate local
features, we set the scales to {1,3,5} and expand the vertical
coordinates of mask elements to 3 and 2 times respectively. For
the balancing weights \; to A7 in Section III-C, we follow the
settings in MonoDETR, which are: {2,10,5,2,1,1,1}. We set
the Ag to 0.2 according to the following evaluation experiment.
Our training is conducted on a single RTX A6000 GPU by
using the Adam optimizer with a weight decay 10~* for 200
epochs, where the batch size is 16 and the learning rate is
2 x 104, Please note that all experimental results involving
“Car”, “Pedestrian”, and “Cyclist” are obtained using a single-
category training approach. For Waymo Open, we list the
results of the “Vehicle” (i.e., “Car”) for comparison with other
state-of-the-art methods, and the setting of masks is the same
as KITTI. We also adopt the Adam optimizer with a weight
decay of 10~ to train our model for 40 epochs, the batch size
of 40, and the learning rate of 5 x 10~%.

B. Performance Comparison

Table I shows the comparison results of the “Car” category
on the KITTI test and validation sets. We compare our
approach with several advanced approaches by using or not
using extra data. From the results, we reach the following
conclusions:

1) Among all the approaches, SSD-MonoDETR achieves
the best accuracies on moderate and hard objects, with
0.83% ~ 4.81% improvements. This improvement ac-
celerates as sample difficulty increases, which is con-
sistent with the characteristics of our method. This is
because hard samples usually have small sizes, and thus
the estimated query points by the previous algorithms
are prone to deviate from objects, resulting in detection
errors. Comparatively, SSDA well estimates the scales
of query points by using depth-guided scale matching
prediction, bringing a significant performance improve-
ment.

2) We discover that our approach achieves greater perfor-
mance improvements on APpgy as compared to AP3p.
This is because APppy mainly focuses on evaluating
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TABLE I: Performance of the “Car” category on KITTI test and val sets, where “v.v"” and “v.X” represent the accuracy improvement
compared to the methods with/without extra data. The first/second best results are highlighted in red / blue fonts and the improvements are

noted in bold fonts.

Method Reference Test, AP3p Test, APggv Val, AP3p Val, APggv Time
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard (ms)
With extra data:
MonoRUn [35] CVPR2021 19.65 1230 10.58 2794 1734 1524 20.02 14.65 12.61 - - - 70
DDMP-3D [71] CVPR2021 19.71 1278 9.80 28.08 17.89 13.44 - - - - - - 180
CaDDN [34] CVPR2021 19.17 1341 1146 2794 1891 17.19 2357 1631 13.84 - - - 630
AutoShape [72] ICCV2021 2247 14.17 1136 30.66 20.08 15.59 20.09 14.65 12.07 - - - -
MonoDTR [29] CVPR2022 2199 1539 1273 2859 2038 17.14 2452 1857 15,51 3333 2535 21.68 37
DID-M3D [73] ECCV2022 2440 1629 13775 3295 2276 19.83 2298 16.12 14.03 31.10 22.76 1950 40
OPA-3D [27] RAL2023 24.60 17.05 1425 3354 2253 19.22 2497 1940 16.59 33.80 2551 2213 40
MonoPGC [67] ICRA2023 24.68 17.17 14.14 3250 23.14 20.30 25.67 18.63 15.65 34.06 2426 20.78 46
Without extra data:
MonoGeo [74] CVPR2021 18.85 13.81 11.52 2586 1899 16.19 1845 1448 12.87 27.15 21.17 1835 50
MonoFlex [50] CVPR2021 19.94 13.89 12.07 2823 19.75 16.89 23.64 17.51 14.83 - - - 30
GUPNet [38] ICCV2021 20.11 1420 11.77 - - - 2276 1646 1372 31.07 2294 19.75 -
DEVIANT [75] ECCV2022 21.88 1446 11.89 29.65 2044 1743 24.63 1654 1452 32.60 23.04 1999 40
MonoDETR [28] CVPR2022 23.65 1592 1299 32.08 21.44 17.85 2884 20.61 16.38 37.86 2695 2280 20
MonoJSG [46] CVPR2022 24.69 16.14 13.64 3259 2126 18.18 2640 1830 15.40 - - - 42
MonoRCNN++ [44] WACV2023  20.08 13.72 11.34 - - - 19.07 14.87 1259 2641 2080 17.27 -
MonoEdge [76] WACV2023  21.08 1447 1273 28.80 2035 17.57 2566 1889 16.10 33.71 2535 22.18 37
PDR [51] TCSVT2023 23.69 16.14 1378 31.76 21.74 18.79 27.65 1944 1624 3559 2572 2135 29
SSD-MonoDETR - 2452 17.88 15.69 3359 2435 2198 2953 2196 1820 38.00 2944 2694 21
Improvement vs. Extra v/ - 0.71 1.44 0.05 1.21 1.68 4.56 2.56 1.61 4.20 3.93 4.81 -
Improvement vs. Extra X - 1.41 2.11 - 2.24 3.38 0.69 1.35 1.82 0.14 2.49 4.14 -

TABLE II: Performance of the “Pedestrian” and “Cyclist” categories
on KITTI test set.

Pedestrian, AP3p Cyclist, APsp

Method

Easy Mod. Hard Easy Mod. Hard

With extra data:
D4LCN [23] 4.55 342 283 2.45 1.67 1.36
MonoEF [77] 427 279 221 1.80 092 0.71
DDMP-3D [71] 493 355 3.01 418 250 232
DFR-Net [78] 6.09 3.62 3.39 569  3.58 3.10
MonoPSR [25] 6.12 400 3.30 870 474  3.68
CADNN [34] 12.87 8.14  6.76 7.00 3.41 3.30
MonoPGC [67] 14.16  9.67 8.26 588 330 285

Without extra data:

MonoGeo [74] 8.00 563 471 4.73 293 258
MonoFlex [50] 943 631 5.26 4.17 235 2.04
MonoDLE [49] 9.64 655 544 459 266 245
MonoPair [45] 10.02 6.68 553 379 212 1.83
PDR [51] 1161 772 640 272 1.57 1.50
MonoDETR [28] 1254 7.89  6.65 733 418 292
MonoRCNN++ [44]  12.26 790  6.62 3.17 1.81 1.75
DEVIANT [75] 1343  8.65  7.69 5.05 313 259
SSD-MonoDETR 12.64 9.88 858 779 576 4.33
Improvement v.v' - 0.21 0.32 - 1.02 0.65
Improvement v.X - 1.23 0.89 0.46 1.58 1.41

the relative positions of cars with respect to streets in
bird view, which is highly related to the positions of
the estimated query points. Comparatively, AP3p pays
more attention to size parameters inside objects like the
distance assessment from object center to ground, which

is less relative to the query points.

3) Our approach has a similar testing speed as compared
to MonoDETR [28], but achieves better accuracy, espe-
cially on moderate and hard objects. Although SSDA
brings extra computation costs, our approach reduces a
cross-attention operation as compared to MonoDETR,
resulting in a similar testing speed.

4) On the “Easy” subset, our method does not perform as
well as the ‘Moderate” and “Hard” subsets. This stems
from the difficulty classification criteria of the KITTI
dataset, where the “Easy” objects are mostly close and
their degree of occlusion by other objects is 0. Thus, the
“Easy” objects usually have high-quality image features
and are slightly suffered by the surrounding objects,
which results in the proposed SSDA not being able to
present an obvious effect as it does in the “Moderate”
and “Hard” subsets.

Table II further shows the performance on ‘“Pedestrian”
and “Cyclist” categories. It is evident that these two categories
present greater challenges compared to the “Car” category,
mainly due to their smaller size and non-rigid body nature.
Thanks to the effective SSDA module, our method surpasses
all the previous methods without extra data in terms of perfor-
mance across three difficulty levels, particularly for moderate
and hard objects, where we achieve an approximate 2%
improvement on “Pedestrian” and 1.5% improvement on “Cy-
clist”. The results presented in Table II validate the exceptional
generality and scalability of our model, which only relies on
easily accessible prior knowledge about different categories of
scales. As a result, our proposed method effortlessly achieves
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TABLE III: Vehicle performance on the Waymo Open Val set between different models. We use APsp (LEVEL_1 and LEVEL_2, IoU

>0.5 and IoU >0.7) according to three object distance intervals.

LEVEL_1(IoU >0.5)

Method Reference

LEVEL_2(IoU >0.5)

LEVEL_1(IoU >0.7) LEVEL_2(IoU >0.7)

Overall 0-30m 30-50m 50m-Inf Overall 0-30m 30-50m 50m-Inf Overall 0-30m 30-50m 50m-Inf Overall0-30m 30-50m 50m-Inf

With extra data:

PatchNet [31] ECCV 20 292 1003 1.09 023 242 1001 1.07 022 039 1.67 0.13 003 038 1.67 0.13 0.03
PCT [79] NIPS 21 420 1470 1.78 039 403 1467 174 036 0.89 3.18 0.27 007 066 3.18 027 0.07
Without extra data:
GUPNet [38] ICCV 21 10.02 24.78 484 022 939 2469 467 019 228 6.15 081 003 214 6.13 078 0.02
MonoJSG [46] CVPR 22 565 20.86 391 0.97 534 2079 379 0.85 097 465 055 0.10 091 464 055 0.09
DEVIANT [75] ECCV 22 1098 2685 5.13 0.18 10.29 26.75 4.95 0.16 2.69 695 0.99 002 252 693 0.95 0.02
MonoRCNN++ [44] WACV 23 11.37 27.95 4.07 042 10.79 27.88 398 039 4.28 9.84 091 0.09 4.05 9.81 089 0.08
SSD-MonoDETR - 11.83 27.69 5.33 0.85 11.34 27.62 521 0.76 4.54 993 1.18 0.15 4.12 887 1.02 0.13

TABLE IV: Performance change by using different scale settings.

Multi-scale Easy Mod. Hard
{3,5,7} 28.01 20.16 17.03
{3,5,7,9} 29.22 21.67 17.40
{1,3,5,7,9} 29.53 21.96 18.20
{1,3,5,7,9,11} 29.26 20.88 17.55
{1,3,5,7,9,11,13} 27.50 19.79 16.02

accurate detection of objects with diverse appearances.

Table III lists the average precision on 3D view (APsp)
results on ‘“Vehicle” of different methods on the Waymo
Open Val set. On all the difficulty levels and IoU thresholds,
our SSD-MonoDETR yields superior breakthroughs against
all the other monocular 3D detectors in terms of “Overall”
perspective, which proves the effectiveness of our proposed
SSDA layer and WSM loss. On the distance 30m — inf with
the strict IoU threshold of 0.7, our method also exceeds all the
other methods, which is consistent with the design motivation
of our proposed scale-aware mechanism, generating higher-
quality query features thus obviously improving the accuracy
for those hard and distant objects.

C. Evaluation on SSDA

In this experiment, we first try different scale settings in
SSDA to observe the performance trend and then evaluate the
quality of the generated query points by SSDA.

Multi-scale settings in SSDA: Before SSDA, the input
images are resized to 1/16 during feature extraction, and
thus most objects are reduced within 1 to 10 pixels in scale.
Therefore, we set the scale value in the range of [1,13] to
observe the performance trend, which is shown in Table IV.
Initially, we set three masks in SSDA with the scales {3, 5, 7},
which achieves unsatisfactory performance because many
object scales are not covered. Then, we add one more mask
with a scale of 9 and discover that the performances on
easy and moderate objects are significantly improved. On
this basis, the further introduction of the scale 1 boosts the
performance, especially on hard objects, which usually have
small sizes. Moreover, the performance begins to degrade as
the scales 11 and 13 are added. We attribute this to that these
scales exceed the sizes of most objects and would interrupt

TABLE V: The prediction precision of key points by MonoDETR,
our method without WSM loss, and our complete method.

Method P051.t1f)n Welghteq l?osmon
Precision Precision
MonoDETR 7017 % 74.61%
SSD-MonoDETR/WSM 73.56 % 86.13 %
SSD-MonoDETR 76.34% 94.78%

the scale estimation on object queries.

Quality evaluation on query points: We evaluate
the quality of query points by the three approaches:
MonoDETR, SSD-MonoDETR, and SSD-MonoDETR/WSM
(SSD-MonoDETR without using WSM loss), and Table V
shows the comparison results, which are measured by two
quantitative criteria: Position Precision, and Weighted Position
Precision. Position precision is equal to the proportion of
the number of key points falling inside objects to the total
number of all the key points, while weighted position precision
additionally multiplies the predicted attention weight of each
key point to calculate position precision. Benefiting from
SSDA, SSD-MonoDETR could better estimate the scales of
key points and thus achieves better position precision as
compared to MonoDETR. Without using WSM loss, SSD-
MonoDETR/WSM suffers from a sharp performance drop,
which proves the effectiveness of WSM loss in supervising
the scale prediction. Moreover, we discover that the improve-
ment in weighted position precision is enlarged as compared
to position precision, which indicates that SSD-MonoDETR
gives large attention weights to key points inside objects.

Figure 5 shows an example to visualize the generated key
points by MonoDETR and SSD-MonoDETR. Obviously, as
compared to MonoDETR, the distribution of the predicted key
points by SSD-MonoDETR is more concentrated on objects
with larger weights. As a result, SSD-MonoDETR could better
learn query features to support object detection.

D. Evaluation of Weighted Scale Matching Loss

In this experiment, we first study with different weights A\g
of the Weighted Scale Matching (WSM) loss in Equation 16
and then evaluate the effectiveness of the penalty weight item
W (q) in Equation 7.
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Fig. 5: An example to illustrate the distribution of the generated key points by MonoDETR and our SSD-MonoDETR.

TABLE VI: Performance trend with respect to different values of

As.
A Easy Mod. Hard
0 27.53 19.54 16.30
0.1 28.85 20.31 17.14
0.2 29.53 21.96 18.20
0.3 29.06 20.57 17.67
0.4 28.04 19.67 17.03
0.5 26.33 18.91 15.84

TABLE VII: Performance comparison among the three weighting
schemes for the WSM loss.

Form Easy Mod. Hard
WSM loss-0 28.81 20.68 17.12
WSM loss-L1 29.12 21.05 17.79
WSM loss 29.53 21.96 18.20

Table VI demonstrates the performance trend with respect
to different weights. When Ag increases from 0 to 0.2, the
performance is significantly improved by about 2% on all
the samples. This is because the use of WSM loss supervises
the scale prediction for query points, and thus could offer
better query features for object detection. Moreover, the
further increase of Ag would lead to a performance drop
since a too-large weight on WSM loss would overshadow the
utility of Lop, L3p detection losses, yielding prediction errors.

To verify the effectiveness of the penalty weight item
W (q) in Equation 7, we compare our WSM loss with the
following two settings: WSM loss-0 without using the weight
W(q) by setting W(q) = 1, and WSM loss-L1 by setting
W(q) = logL(q) which indicates the weight of a query
is proportional to its prediction error. Table VII shows the
performance comparison results. Compared to WSM loss-0,
WSM loss-L1 achieves better performance because it assigns

larger training weights to error samples. Furthermore, our
WSM loss considers the global-aware weighting correlations
among all the queries in a training batch and thus could
achieve the best performance.

E. Qualitative Results

Figure 6 shows six visualized examples with the detection
results by MonoDETR and SSD-MonoDETR, where the first
to fourth lines are the detection results of “Car”, the fifth and
sixth lines are the visualization of “Pedestrian” and “Cyclist”,
respectively. We discover that several small and partially
blocked cars are missed by MonoDETR, as MonoDETR is
easy to lose relevant query points for these hard objects. When
it comes to the “Pedestrian” and “Cyclist” categories, which
always have relatively small scales, MonoDETR generates
more severe instances of missed or false detection. Compara-
tively, SSD-MonoDETR estimates the scale of an object query
to generate more inner-the-object key points, as shown in
Figure 5, thus extracting more relevant local features, which
offers robust query features to the detection heads to support
accurate detection, especially on hard samples.

V. CONCLUSIONS

We propose SSD-MonoDETR to first introduce Supervised
Scale-aware Deformable Attention (SSDA) for monocular 3D
object detection. Different from the existing transformer-based
methods, SSDA could estimate the scale of a query to better
capture its receptive field to impose the scale awareness on
key point prediction, yielding better query features for 3D
attribute prediction. Aside from this, SSDA adopts supervised
learning with a WSM loss without extra labeling costs, which
is more effective as compared to the unsupervised attention in
transformers. Extensive experiments and analyses on KITTI
have demonstrated the effectiveness of our approach. However,
the proposed SSDA inevitably requires pre-setting different
scales for different categories of objects, generating extra
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Fig. 6: Four representative examples to visualize the detection results between MonoDETR (left) and SSD-MonoDETR (right), where the

red circles indicate the missing objects.

training costs on different categories. Furthermore, there is
space to improve the testing speed of our approach. In the
future, we intend to design a more flexible and generalized
attention module and embed it into more transformer-based
3D object detection backbones for their further performance
improvement in scene understanding.
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