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Abstract

Stereo-based 3D detection aims at detecting 3D objects
from stereo images, which provides a low-cost solution
for 3D perception. However, its performance is still infe-
rior compared with LiDAR-based detection algorithms. To
detect and localize accurate 3D bounding boxes, LiDAR-
based detectors encode high-level representations from Li-
DAR point clouds, such as accurate object boundaries and
surface normal directions. In contrast, high-level features
learned by stereo-based detectors are easily affected by
the erroneous depth estimation due to the limitation of
stereo matching. To solve the problem, we propose LIGA-
Stereo (LIDAR Geometry Aware Stereo Detector) to learn
stereo-based 3D detectors under the guidance of high-level
geometry-aware representations of LIDAR-based detection
models. In addition, we found existing voxel-based stereo
detectors failed to learn semantic features effectively from
indirect 3D supervisions. We attach an auxiliary 2D de-
tection head to provide direct 2D semantic supervisions.
Experiment results show that the above two strategies im-
proved the geometric and semantic representation capabil-
ities. Compared with the state-of-the-art stereo detector,
our method has improved the 3D detection performance
of cars, pedestrians, cyclists by 10.44%, 5.69%, 5.97%
mAP respectively on the official KITTI benchmark. The
gap between stereo-based and LiDAR-based 3D detectors
is further narrowed. The code is available at https:
//xy—quo.github.io/liga/.

1. Introduction

In recent years, LIDAR-based 3D detection [57, 28, 46,
45, 61, 60] has achieved increasing performance and sta-
bility in autonomous driving and robotics. However, the
high cost of LiDAR sensors has limited its applications in
low-cost products. Stereo matching [3, 18, 26, 35] is the
most common depth sensing technique using only cameras.
Compared with LiDAR sensors, stereo cameras are at a
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Figure 1. Our method utilizes superior geometry-aware features
from LiDAR-based 3D detection models to guide the training of
stereo-based 3D detectors.
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much lower cost and higher resolutions, which makes it a
suitable alternative solution for 3D perception. 3D detec-
tion from stereo images aims at detecting objects using es-
timated depth maps [39, 52, 64] or implicit 3D geometry
representations [30, 10, 53]. However, the performance of
existing stereo-based 3D detection algorithms is still infe-
rior compared with LiDAR-based algorithms.

LiDAR-based detection algorithms take raw point cloud
as inputs and then encode the 3D geometry information into
intermediate and high-level feature representations. To de-
tect and localize accurate 3D bounding boxes, the model
must learn robust local features about object boundaries
and surface normal directions, which are essential for pre-
dicting accurate bounding box size and orientation. The
features learned by LiDAR-based detectors provide robust
high-level summarization of accurate 3D geometry struc-
tures. In comparison, due to the limitation of stereo match-
ing, the inaccurately estimated depth or implicit 3D repre-
sentation have difficulties in encoding accurate 3D geome-
try of objects, especially for distant ones. In addition, the
target box supervisions only provide object-level supervi-
sions (location, size, and orientation).

This inspires us to utilize superior LiDAR detection
models to guide the training of stereo detection model via
imitating the geometry-aware representations encoded by
the LiDAR model. Comparing with traditional knowledge
distillation [24] for recognition tasks, we did not take the fi-
nal erroneous classification and regression predictions from
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the LiDAR model as “soft” targets, which we found bene-
fits little for training stereo detection networks. The erro-
neous regression targets would constrain the upper-bound
accuracy of bounding box regression. Instead, we force
our model to align intermediate features with those of Li-
DAR models, which encode high-level geometry repre-
sentations of the scene. The features from LiDAR mod-
els could provide powerful and discriminative high-level
geometry-aware features, such as surface normal directions
and boundary locations. On the other hand, the LiDAR fea-
tures can provide extra regularization to alleviate the over-
fitting problem caused by erroneous stereo predictions.

Besides learning better geometry features, we further ex-
plore how to learn better semantic features for boosting the
3D detection performance. Instead of learning semantic
features from indirect 3D supervisions, we propose to at-
tach an auxiliary multi-scale 2D detection head on the 2D
semantic features, which could directly guide the learning
of 2D semantic features. Our baseline model, Deep Stereo
Geometry Network (DSGN) [10], failed to benefit from ex-
tra semantic features effectively according to their ablation
studies. We argue that the network provides erroneous se-
mantic supervisions from indirect 3D supervisions because
of depth estimation errors, while our proposed direct guid-
ance could greatly benefit 3D detection performance from
better learning of 2D semantic features. Experiment results
show that the performance is further improved, especially
for classes with few samples like cyclist.

The contributions can be summarized as follows. 1) We
propose to utilize features from superior LIDAR-based de-
tection models to guide the training of stereo-based 3D de-
tection model. LiDAR features encode compact 3D geom-
etry representations of the scene to guide and regularize
the stereo features. 2) By attaching an auxiliary 2D de-
tection head to provide direct 2D supervisions, our model
significantly improves the learning efficiency for semantic
features, which further improves the recall rate especially
for rare categories. 4) On the official KITTI 3D detection
benchmark, our proposed method surpasses state-of-the-art
models by 10.44%, 5.69%, and 5.97% mAP on the car,
pedestrian and cyclist classes respectively.

2. Related Work

Stereo Matching. Mayer et al. [35] proposed the first deep
stereo algorithm DispNet, which regresses disparity map
from feature-based correlation cost volume. DispNet is then
extended using multi-stage refinement [37, 31] and auxil-
iary semantic features [48, 59]. State-of-the-art stereo mod-
els construct feature-based cost volume by concatenating
left-right 2D features for all disparity candidates and then
apply 3D aggregation network to predict the disparity prob-
ability distribution [26, 3, 18, 68]. State-of-the-art stereo
detection networks [52, 64, 10, 53] also estimate depth by

similar network structures. Zhang et al. [66] proposed novel
cost volume aggregation strategies to improve the computa-
tional efficiency. Yin et al. [63] accelerated stereo matching
by hierarchically estimating local disparity distributions at
each scale and composing them together to form the final
match density. Xu et al. [55] proposed a sparse points based
intra-scale cost aggregation to alleviate the edge-fattening
issue. Cheng et al. [11] employed neural architecture search
(NAS) to automatically search the optimal network struc-
ture for stereo matching.

LiDAR-based 3D Detection. By leveraging the more
accurate depth information captured by LiDAR sensors,
3D detection approaches [71, 40, 58, 46, 28, 47, 45] with
LiDAR point clouds generally achieve better performance
than image-based approaches. To learn effective features
from irregular and sparse point clouds, most existing ap-
proaches adopt the voxelization operation to transfer point
clouds to regular grids, where the 3D space is first di-
vided into regular 3D voxels [71, 47] or bird-view 2D
grids [58, 28] to be processed by convolutions for detec-
tion head. Yan et al. [57] proposed to utilize sparse convo-
lutions [17] for efficient feature learning from sparse vox-
els. Du et al. [13] presented a feature imitation strategy
to learn better perceptual features from synthesized con-
ceptual scenes. Inspired by them, we propose to imitate
the much informative feature maps from LiDAR models for
better guidance beyond 3D box annotations.

Stereo-based 3D Detection. Stereo-based 3D detection
algorithms can be roughly divided into three types:

1) 2D-based methods [7, 54, 30, 39, 65, 49, 38] first de-
tect 2D bounding box proposals and then regress instance-
wise 3D boxes. Stereo-RCNN [30] extended Faster R-
CNN [43] for stereo-inputs to associate left and right im-
ages. Disp R-CNN [49] and ZoomNet [65] incorporated
extra instance segmentation mask and part location map to
improve detection quality. However, the final performance
is limited by the recall of 2D detection algorithms, and 3D
geometry information is not fully utilized.

2) Pseudo-LiDAR [52, 64, 41, 29, 15] based 3D detec-
tion first estimate depth maps and then detect 3D bound-
ing boxes using existing LiDAR-based algorithms. Pseudo-
LiDAR++ [64] adapted stereo cost volume to depth cost
volume for direct depth estimation. Qian et al. [41] made
Pseudo-LiDAR pipeline end-to-end trainable. However,
these models only take geometry information into consid-
eration, which is lack of complementary semantic features.

3) Volume-based methods construct 3D anchor space
[42] or detect from 3D stereo volume [10, 53]. DSGN [10]
directly constructs differentiable volumetric representation,
which encodes implicit 3D geometry structure of the scene,
for one-stage stereo-based 3D detection. PLUME [53] di-
rectly constructs geometry volume in 3D space for acceler-
ation. Our work takes DSGN [10] as the baseline model.
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Figure 2. The framework of our stereo-based 3D detection algorithm. (a) The stereo matching network which takes a stereo image pair
as inputs and outputs a feature volume in 3D space. (b) and (d) share the same structure, which detects 3D objects from dense / sparse
3D feature volumes, respectively. (c) The teacher LIDAR-based detection network [57], which processes raw LiDAR point clouds using
sparse 3D convolution layers. (e) Our auxiliary 2D detection head for direct semantic supervisions.

We solve several key problems existed in [10] and surpass
state-of-the-art models by a large margin.

Knowledge Distillation. Distillation is first proposed by
Hinton et al. [24] for model compression by supervising
student networks with “softened labels” from predictions of
large teacher networks. Going further from “softened la-
bels”, knowledge from intermediate layers provide richer
information from the teacher [44, 23, 62, 25, 27]. Re-
cently, knowledge distillation has been successfully ap-
plied to detection [4, 51, 5, 56, 14] and semantic segmenta-
tion [36, 33, 22, 9]. The knowledge can also be transferred
across modalities [19, 1, 2, 69]. However, the feature imita-
tion from LiDAR-based to stereo-based 3D detectors is first
explored in this paper.

3. Our Approach

In this work, to improve the performance of our model,
we developed two strategies to learn better geometric and
semantic features respectively. Due to the limitation of
stereo matching, stereo-based detectors are fragile to the
erroneous depth estimation, especially for low-texture sur-
faces, blurry boundaries and occlusion areas. In compari-
son, the features learned by LiDAR-based detectors provide
robust high-level geometry-aware representations (accurate
boundaries and surface normal directions). To minimize the
gap between LiDAR-based and stereo-based detectors, we
propose to utilize LIDAR models to guide the training of
stereo-based detectors for better geometric supervision. In
addition, we employ auxiliary 2D semantic supervisions to
improve the learning efficiency for semantic features.

In the following section, we will first revisit the baseline
model, Deep Stereo Geometry Network (DSGN) [10], in
Sec. 3.1 to make the paper self-contained. In Sec. 3.2, we
describe the proposed LiDAR imitation strategy for encod-

ing better geometry representations. In Sec. 3.3, we discuss
why the baseline model is of low efficiency for learning
semantic features and propose the corresponding solution.
The training losses are specified in Sec. 3.4.

3.1. Revisit of Deep Stereo Geometry Network

In this paper, we utilize Deep Stereo Geometry Network
(DSGN) [10] as our baseline model, which directly detects
objects using implicit volumetric representations.

Volume in Stereo Space. Given a left-right image pair
(Zr,Zr) and their features (Fr, Fr), a plane-sweep vol-
ume Vg, is constructed by concatenating left features and
corresponding right features for every candidate depth level,

fL

Vst (u, v, w) = concat | Fr,(u,v), Fr(u — m,

v)
(D

in which (u, v) is the current pixel coordinate . w=0,1, - - -
is the candidate depth index, and d(w)=w - vVg+2mn is the
function to calculate its corresponding depth, where v, is
the depth interval, and z,,;, is the minimum depth of the
detection area. f, L, and sx are the camera focal length,
the baseline of the stereo camera pair, and the stride of
the feature map, respectively. After filtering Vs with a
3D cost volume aggregation network, we obtain an aggre-
gated stereo volume Vg and a depth distribution volume
Pst. Pst(u,v,:) represents the depth probability distribu-
tion of pixel (u, v) over all discrete depth levels d(w).

Volume in 3D Space. In order to convert the feature
volume from stereo space to normal 3D space, the 3D de-
tection area is divided into small voxels of the same size.
For each voxel, we project its center (x,y, z) back into
the stereo space using the feature intrinsics Kz to ob-
tain its reprojected pixel coordinate (u,v) and depth index
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d~Y(2)=(2—2min)/v4. The volume in the 3D space is then
defined as the concatenation of resampled stereo volume
and semantic features masked by depth probability,

Vsaq(x,y, z) = concat [Vst (u, v,dil(z)) ,
2
Fsem(u,v) - Pgy (“7 v, dil(z)) } )

in which Vg, and F.,, provide geometric and semantic fea-
tures respectively. Note that we ignore the trilinear and bi-
linear resampling operators for simplicity.

Feature in BEV Space and Detection Head. The 3D vol-
ume V3,4 is then rearranged into 2D bird’s eye view (BEV)
feature Fpgy by merging the channel dimension and the
height dimension as [10]. A 2D aggregation network and
detection heads are attached to F gy to generate the aggre-
gated BEV feature F pey and predict the final 3D bound-
ing boxes, respectively. The training loss is divided into two
parts, depth regression loss and 3D detection loss,

£bsl = £depth + Edet~ (3)

We have made several modifications to the above baseline to
improve both performance and efficiency. Please see details
in Sec. 3.4 and Sec. 1 of the supplementary materials.

3.2. Learning LiDAR Geometry-aware Represen-
tations

LiDAR-based detection models [71, 40, 58, 46, 28, 47,
45] take raw point clouds as inputs, which are then encoded
into high-level features (such as accurate boundaries and
surface normal directions) for accurate bounding box local-
ization. For stereo-based models, pure depth loss and detec-
tion loss could not well make the model learn such features
for occlusion areas, non-textured areas and distant objects
due to erroneous depth representations.

Inspired by the above observation, we propose to guide
the training of stereo-based detectors using the high-level
geometry-aware features from LiDAR models. In this pa-
per, we utilize SECOND [57] as our LiDAR “teacher”. To
make the features as consistent as possible between two
models, we employ 2D aggregation network and detection
head of the same structure, as shown in Fig. 2 (see details
in the supplementary materials).

Due to the huge differences between the backbone of
the LiDAR model and the stereo model, we only focus
on how to perform feature imitation for high-level fea-
tures Fi, C{Vsa, FBEV, ]:'BEV}, which are of the same
shape between the two models. Our imitation loss aims
at minimizing the feature distances between stereo feature
Fim€F;y, and its corresponding LiDAR feature F‘de",
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Figure 3. Illustration of incorrect semantic supervisions caused by
depth estimation errors (drawn in brid’s eye view). Green and red
squares represent positive and negative anchors, and orange dash
lines represent estimated surface with large errors. Values of Pg;
are large around estimated surfaces, thus semantic features of fore-
ground objects are falsely resampled around the wrong surfaces.
Therefore, the supervisions for semantic features are inaccurate.

where g is a single convolution layer with kernel size 1 fol-
lowed by an optional ReLU layer (depending on whether
ReLU is applied to F/i9™). My, is the foreground mask,
which is 1 inside any ground-truth object box, and 0 other-
wise. Mg, is the sparse mask of F!4%" which is 1 for non-
empty indices and 1 otherwise. Npos = > MMy, is the
normalization factor. Note that the LiDAR feature Fide"
is normalized by the channel-wise expectation of non-zero
absolute values of F/:99" to make sure the scale stability of
the L2 loss.

Experiment results show that the detection performance
benefit little from imitating whole feature maps, thus My,
is essential to make the imitation loss focus on foreground
objects. We found that Fppy and V34 provide the most
effective supervisions for training our stereo detection net-
work. Please check the ablation studies in Sec. 4.3.1.

3.3. Improving Semantic Features by Direct 2D Su-
pervisions

From Eq. (2) we can see before resampling semantic fea-
ture into 3D space, it is first multiplied by the depth prob-
ability from Pg; (which can be seen as the estimation of
3D occupancy mask. Please see how we supervise Pg; in
Eq. (6)). In this way, semantic features are only resampled
near the estimated surface (orange dashed lines in Fig. 3).
However, when there exist large errors in the estimated
depth values, the semantic features will be resampled to the
wrong positions as illustrated in Fig. 3. As a result, the
resampled semantic features deviate from the ground-truth
positions and are then assigned with negative anchors (red
squares in Fig. 3), and there is no resampled semantic fea-
ture around the positive anchors (green squares in Fig. 3).
Therefore, the supervision signals for the semantic features
are incorrect in this case, which causes the low learning ef-
ficiency of semantic features.

To solve the problem, we add an auxiliary 2D detection
head to provide direct supervisions for learning semantic
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AP3p (IoU=0.7) APggy (IoU=0.7) AP3p (IoU=0.5) APggy (IoU=0.5)
Sensor Method Easy Mod  Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard
LiDAR MV3D (LiDAR) [8] 7129  62.68 56.56 | 86.55 78.10 76.67 - - - - - -
PL++: P-RCNN + SL* [64] | 75.1 63.8 57.4 88.2 76.9 73.4 - - - - - -
SECOND [57] 8743 7648 69.10 | 89.96 87.07 79.66 - - - - - -
Point-RCNN [46] 88.88  78.63 77.38 - - - - - - - - -
SECOND (our teacher) 88.82 7857 7740 | 8993 87.75 86.67 | 98.12 90.17 89.64 | 98.16 90.20 89.71
3DOP [6] 6.55 5.07 4.10 | 12.63 949 759 | 46.04 34.63 30.09 | 55.04 4125 3455
TLNet [42] 18.15 1426 13.72 | 2922 21.88 1883 | 59.51 43.71 3799 | 6246 4599 4192
Stereo-RCNN [30] 5411 36.69 31.07 | 68.50 4830 4147 | 8584 6628 57.24 | 87.13 74.11 5893
PL: F-PointNet [52] 59.4 39.8 335 72.8 51.8 335 89.5 75.5 66.3 89.8 77.6 68.2
Stereo PL++: P-RCNN [64] 67.9 50.1 453 82.0 64.0 57.3 89.7 78.6 75.1 89.8 83.8 71.5
OC-Stereo [39] 64.07 4834 4039 | 77.66 6595 51.20 | 89.65 80.03 70.34 | 90.01 80.63 71.06
Disp-RCNN [49] 6429 4773  40.11 | 77.63 6438 50.68 | 90.47 79.76 69.71 | 90.67 80.45 71.03
DSGN [10] 7231 5427 47771 | 8324 6391 57.83 - - - - - -
CG-Stereo [29] 76.17 57.82  54.63 | 8731 68.69 6580 | 90.58 87.01 79.76 | 97.04 88.58  80.34
PLUME-Large [53] - - - 84.7 71.1 65.1 - - - 91.3 86.6 81.6
LIGA-Stereo (Ours) 8492 67.06 63.80 | 89.35 77.26 69.05 | 97.06 89.97 87.94 | 97.22 90.27 88.36

Table 1. Car detection results on the KITTI validation set. The results are evaluated using the original KITTI metric with 11 recall values
for fair comparison. If not specified, all results in other tables are evaluated using 40 recall positions. * utilizes 4-beam LiDAR to refine

stereo depth estimation.

Car AP3|) Car APBEV Car APZD
Sensor Method Easy = Moderate Hard | Easy  Moderate  Hard | Easy  Moderate  Hard
MV3D [8] 74.97 63.63 54.00 | 86.62 78.93 69.80 - - -
SECOND [57] 83.34 72.55 65.82 | 89.39 83.77 78.59 - - -
LiDAR PointPillars [28] 82.58 74.31 68.99 | 90.07 86.56 82.81 | 94.00 91.19 88.17
Point-RCNN [46] 86.96 75.64 70.70 | 92.13 87.39 82.72 | 95.92 91.90 87.11
PV-RCNN [45] 90.25 81.43 76.82 | 94.98 90.65 86.14 | 98.17 94.70 92.04
PL++ (SDN+GDC)* [64] | 68.38 54.88 49.16 | 84.61 73.80 65.59 | 94.95 85.15 77.78
Stereo R-CNN [30] 47.58 30.23 2372 | 61.92 41.31 3342 | 93.98 85.98 71.25
PL: AVOD [52] 54.53 34.05 28.25 | 67.30 45.00 38.40 | 85.40 67.79 58.50
PL++: P-RCNN [64] 61.11 4243 36.99 | 78.31 58.01 51.25 | 94.46 82.90 75.45
ZoomNet [65] 55.98 38.64 3097 | 72.94 54.91 44.14 | 94.22 83.92 69.00
Stereo OC-Stereo [39] 55.15 37.60 30.25 | 68.89 51.47 4297 | 87.39 74.60 62.56
Disp-RCNN [49] 68.21 45.78 37.73 | 79.76 58.62 47.73 | 93.45 82.64 70.45
DSGN [10] 73.50 52.18 45.14 | 82.90 65.05 56.60 | 95.53 86.43 78.75
CG-Stereo [29] 74.39 53.58 46.50 | 85.29 66.44 58.95 | 96.31 90.38 82.80
CDN [15] 74.52 54.22 46.36 | 83.32 66.24 57.65 | 95.85 87.19 79.43
PLUME-Middle [53] - - - 83.0 66.3 56.7 - - -
LIGA-Stereo (Ours) 81.39 64.66 57.22 | 88.15 76.78 67.40 | 96.43 93.82 86.19

Table 2. Car detection results on the KITTI zest set (official KITTI leaderboard). * utilizes 4-beam LiDAR to refine stereo depth estimation.

features. Instead of creating feature pyramids (FPN) using
multi-level features like [32, 67], we take only a single fea-
ture map Fsen, to construct feature pyramids as shown in
Fig. 2(e), which forms an information “bottleneck” to en-
force all the semantic features to be encoded into Fie,,.
Five consecutive convolution layers with a stride of 2 are
attached to Fj,, to construct a multi-level feature pyra-
mid, which are then connected to an ATSS [67] head for 2D
detection. Since we find that the dilated convolutions and
spatial pyramid pooling (SPP) [20] have already produced
highly semantic features with large receptive fields, we ig-
nore the top-down path of FPN for simplicity. Please see
detailed network structures in Sec. 1 of the supplementary
materials.

To ensure the semantic alignment between 2D and 3D
features, 2D detection head should predict high scores

around re-projected 3D object centers. We made a small
modification to the positive sample assignment algorithm of
ATSS [67]. For each ground-truth bounding box g, we se-
lect k candidate anchors from each scale if their centers are
closest to the re-projected 3D object centers, instead of 2D
bounding box centers as in [67]. The candidate anchors are
then filtered by the dynamic IoU threshold as in ATSS [67]
to assign the final positive samples.

3.4. Modifications to Baseline and Training Losses

Note that we made several important modifications to
DSGN to obtain a faster and more robust baseline model. 1)
Decrease the number of channels and layers to reduce mem-
ory consumption and computation cost. 2) Utilize SEC-
OND [57] detection head for 3D detection. 3) Replace the
smooth-L1 depth regression loss with the uni-modal depth
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Method Pedestrian AP;p Pedestrian APggy Cyclist AP;p Cyclist APggy
Easy  Moderate Hard | Easy  Moderate = Hard Easy = Moderate  Hard Easy  Moderate  Hard
OC-Stereo [39] 24.48 17.58 15.60 | 29.79 20.80 18.62 | 29.40 16.63 14.72 | 3247 19.23 17.11
DSGN [10] 20.53 15.55 14.15 | 26.61 20.75 18.86 | 27.76 18.17 16.21 | 31.23 21.04 18.93
Disp-RCNN [49] 37.12 25.80 22.04 | 40.21 28.34 24.46 | 40.05 24.40 21.12 | 44.19 27.04 23.58
CG-Stereo [29] 33.22 24.31 20.95 | 39.24 29.56 25.87 | 47.40 30.89 27.73 | 55.33 36.25 32.17
LIGA-Stereo (Ours) | 40.46 30.00 27.07 | 44.71 34.13 3042 | 54.44 36.86 32.06 | 58.95 40.60 35.27

Table 3. Pedestrian and cyclist detection results on KITTI fest set (official KITTI leaderboard).

loss [63] in Eq. (6) based on Kullback-Leibler divergence.
4) Use a combination of L1 loss and auxiliary rotated 3D
IoU loss [70] for better bounding box regression. 5) Attach
a small U-Net to the 2D backbone to encode full-resolution
feature maps for stereo volume construction. Please check
Sec. 1 & 2.1 of the supplementary material for detailed net-
work structure and performance analysis for these modifi-
cations.
The new overall loss of our model is formulated as

L = Laeptnh + Laet + NimLim + A2aloa,
Edet = £cls+)\L1 £L1 +/\10U‘C10U+)\dirﬁdira

reg™~reg reg ~reg

®)

where L s, Efelg, and Lg;, are the same classification loss,
box regression loss, and direction classification loss as in
SECOND [57]. L]¢ is the average rotated IoU loss [70]
between 3D box predictions and ground-truth bounding

boxes. The uni-modal depth loss Lgepep, is formulated as

ﬁdepth = Z\;-qt ZZ |:

w,v W (6)
d*—d
— max (1 — Uﬂ7 O) log Pst(uv v, UJ):| )
d

in which d* is the ground-truth depth. Note that the loss is
only applied to the pixels (u,v) with valid LiDAR depths,
and Ny; denotes the number of valid pixels. Compared with
the original L1 loss, the loss in Eq. (6) provides more con-
centrated supervisions to the target distribution.

4. Experiments
4.1. Implementation Details

Dataset. We evaluate our method on the challenging KITTI
3D object detection benchmark [16]. There are 7,481 train-
ing and 7,518 testing stereo image pairs with synchronized
LiDAR point clouds in the dataset. Following previous pa-
pers [46, 10], the training images are split into training set
with 3,712 images and validation set with 3,769 images.
There are three object classes in KITTI dataset, car, pedes-
trian, and cyclist, and each class is divided into three diffi-
culty levels, easy, moderate, and hard.

Evaluation Metric. We performed detailed evaluation and
analysis for 2D, BEV (bird-view) and 3D detection per-

formance. All the performance results are measured us-
ing IoU-based criteria to compute mean averaged precision
(mAP) over 40 recall values, except for the results in Ta-
ble 1, which are evaluated using the old metric with 11 re-
call values for fair comparison with previous methods.

Network Structure. The main structure of our stereo de-
tector follows that of DSGN [10], which consists of 2D fea-
ture extraction network (left side of Fig. 2(a)), stereo aggre-
gation network (right side of Fig. 2(a)), and BEV feature
aggregation network (Fig. 2(b)). As described in Sec. 3.4,
we made several important modifications to [10] to reduce
computation cost and memory consumption. Compared
with [10], we reduced the numbers of blocks of conv2 to
comv5 from {3, 6, 12, 4} to {3, 4, 6, 3}, which is the same
as ResNet-34 [21]. In addition, we append a small U-Net
on the top of the 2D backbone to upsample the SPP fea-
ture back into full resolution to provide high-resolution fea-
tures for stereo matching. The number of channels of the
stereo aggregation network is halved from 64 to 32, and
the 3D hourglass module for the 3D geometry volume Vs34
in [10] is removed. For the 3D detection head, we fol-
low the open source implementation of SECOND [57] in
OpenPCDet [50] to replace the original FCOS head in [10],
which we found having inferior performance.

For the LiDAR “teacher”, we employ SECOND [57] be-
cause of its simplicity and similarity with our stereo de-
tector. To make the teacher model and the student model
as consistent as possible, we modify the stride of the last
sparse convolution layer from 2 to 1, to obtain 1/4 down-
sampled features to match the feature map size of our stereo
detector. Please refer to Sec. 1 of the supplementary mate-
rials for detailed network structures of our stereo detector
and the LiDAR “teacher”.

Training Details. Our stereo detector is trained using
AdamW [34] optimizer, with 81 = 0.9, B2 = 0.999. The
batch size is fixed to 8. We train the networks with 8
NVIDIA TITAN Xp GPUs, with 1 training sample on each
GPU. The model is first trained for 50 epochs using a base
learning rate of 0.001, and then for 10 more epochs with a
reduced learning rate of 0.0001. The weight decay is set
to 0.0001. We apply only horizontal flipping as augmenta-
tions. Instead of training individual networks for different
classes as [10], we employ only a single model to train on
all three classes of the KITTI dataset. To improve training
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# | mrick|1M|2D| pr Car AP3p.1ou0.7 Car AP3p-1000.5 Ped AP3p.10u0.5 Ped AP3p.1ou0.25 | Cyelist AP3p.1ou0.5 | Cyclist AP3p.1ou0.25
Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard | Easy Mod Hard

SECOND [57] (teacher) | 91.89 81.08 78.36|99.36 94.35 93.63|72.30 64.79 57.82|86.83 82.03 76.02|85.17 65.81 62.00|89.31 69.41 66.07
DSGN* [10] 72.31 5229 47.12|94.73 82.33 77.17|36.84 31.42 27.55|67.38 60.39 53.88|35.39 23.16 22.29|46.28 30.58 29.17

a| X 76.44 56.73 49.52196.25 86.92 79.46|24.39 19.10 16.03|73.12 60.43 52.90(29.12 16.27 15.14|38.81 23.36 21.49
b.| v 82.15 62.74 57.34|98.85 90.21 84.81[41.18 33.72 29.19|76.19 66.04 57.9845.63 26.77 24.97[51.50 32.39 30.48
c.| v |V 84.99 65.67 60.16|98.84 92.47 87.32(47.82 38.89 33.66|82.78 73.65 64.96 |57.54 33.70 31.23|74.39 48.44 44.93
d| v v 84.45 63.32 57.65|96.23 89.94 84.55[40.72 34.23 29.12|76.13 66.36 58.99(52.65 30.26 28.14[58.59 37.96 3542
e.| v |V |V 85.26 65.64 60.12]98.98 92.50 87.33[43.97 36.95 31.82|77.57 69.14 62.13|54.59 34.07 31.42[65.19 42.96 40.28
f.| v v [81.05 63.07 56.50|98.91 92.22 87.04|40.29 34.13 29.31|77.60 68.54 61.42|42.77 26.13 24.26|52.11 34.63 32.78
g| vV | V|V v 186.84 67.71 62.02|98.87 93.21 87.97|45.54 37.80 32.09|81.87 72.18 64.10]|60.00 37.31 34.25(79.89 52.17 48.09

Table 4. Ablation studies on the KITTI validation set. The tricks include full-resolution features for stereo volume construction, auxiliary
3D IoU loss, and the uni-modal depth loss as described in Sec. 3.4. IM denotes imitating geometry-aware representations of LiDAR
models in Sec. 3.2. 2D denotes auxiliary direct 2D supervision in Sec. 3.3. pt means ImageNet [12] pre-trained weights, which helps learn
better semantic features. (We only load pre-trained weights for layer convi-3 due to structure differences). * The results for DSGN [10] is

obtained by evaluating the officially released checkpoints using the new evaluation metrics with 40 recall values for fair comparison.

stability, the weight normalizers for all the loss terms are av-
eraged across all GPUs to avoid unstable gradients. For the
hyper-parameters of different losses, /\felg:0.5, )\ﬁggUzl.O,
Adir=0.2, Aoq=1.0, \;;,,=1.0. The input size is fixed to
320x1248, we crop the upper part of input images which
does not contain any object to reduce memory consump-
tion. The overall training time is about 12 hours.

For the KITTI dataset, the detection area is set to
[2m, 59.6m] for the Z (depth) axis, [-30m, 30m] for the
X axis, and [—1m, 3m)] for the Y axis (in camera coordi-
nate system). The voxel size of V34 in our stereo model
is (0.2m,0.2m,0.2m). The input voxel size of the LIDAR
detector is set to (0.05m,0.1m,0.05m). The spatial reso-
lutions of BEV features of both models are 0.2m x0.2m.

4.2. Main Results

In this section, we provide detailed comparison with
state-of-the-art 3D detectors on the KITTI dataset (see Ta-
ble 2, 3, 4). Our model is only trained with the KITTI
dataset, without any pre-training on Scene Flow datasets.

As shown in Table 1, our method surpasses the state-the-
of-art method CG-Stereo by 8.75%, 9.24%, 9.17% in 3D
mAP (IoU=0.7) for easy, moderate and hard difficulty lev-
els of car class. Our model even achieves almost the same
performance as our LiDAR teacher (see SECOND (teacher)
item in Table 1) based on 0.5-IoU evaluation metrics. The
gap between our model and the LiDAR teacher is only 0.2%
mAP for 3D mAP with 0.5 IoU threshold, which proves
that stereo-based 3D detection has the potential to replace
LiDAR devices as a low-cost solution.

We also submitted our results to the official evaluation
benchmark for evaluating our performance on the test set
of the KITTI dataset. For BEV performance, we surpasses
PLUME-Middle [53] by 10.48% mAP. For 3D detection
performance, we surpasses CDN [15] by 10.44% mAP.
Compared with PL++ (SDN+GDC), which is Pseudo-
LIDAR++ [64] using 4-beam LiDAR for refinement, we

even achieves much better results. Our method significantly
reduces the gap between LiDAR-based methods and stereo-
based 3D detection methods. For pedestrian and cyclist
categories, our method exceeds CG-stereo by 5.69% and
5.97% mAP for 3D detection respectively. Please see Sec.
3 of the supplementary material for visualization results.
Computation cost and memory usage. Compared with
DSGN [10], our model has much less layers and number of
channels. As shown in Table 5, the memory consumption
is greatly decreased from 29GB to 10GB for training and
6GB to 4.9GB for testing. For the running time, although
we used NVIDIA TITAN Xp, which is expected to be half
the speed of NVIDIA V100, our model still decreased half
of the running time compared with DSGN.

4.3. Ablation Study

In this section, we conduct ablation experiments to val-
idate the contribution of each component of our model on
the KITTI validation set. The results are summarized in
Table 4. The first row SECOND (teacher) is the perfor-
mance of our LiDAR “teacher”. The model (a.) is our re-
implementation of DSGN [10], but with less channels and
using SECOND [57] detection head (due to memory limita-
tion and simplicity), which achieves superior performance
on cars compared with the original paper, but inferior results
for pedestrians and cyclists because we train only a single
model for all three classes instead of individual models. We
applied a series of important tricks to model (a.) to obtain a
stronger baseline model (b.), including full-resolution fea-
tures for stereo volume construction, auxiliary 3D IoU loss
for bounding box regression, and the uni-modal depth loss
in Eq. (6). Please refer to Sec. 2 of the supplementary mate-
rials for details. By now, we have obtained a stronger base-
line model with 61.35%, 34.11%, 24.04% 3D mAPs on the
three classes of the KITTI validation set. In the following
parts, we will prove the effectiveness of the proposed Li-
DAR feature imitation strategy in Sec. 4.3.1 and the auxil-
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iary direct 2D supervisions in Sec. 4.3.2.

4.3.1 Ablation study of LiDAR feature imitation

Influence of LiDAR feature imitation. We first study
whether imitating LiDAR features can benefit 3D detection
and which layer is the optimal one. From Table 6 we can see
that each of the three feature layers can provide meaning-
ful geometry-aware guidance, among which V34 and FBEV
produce the most effective guidance. We also tried different
combinations of imitation layers but found no further gain.
However, when combining Vs34 and F BEV as the imitation
features, we found the model gives more stable results. As
aresult, we choose F;,,={ V34, Fr gv } as our final choice.
Necessity of foreground mask. We then study the neces-
sity of the foreground mask M . If M is removed, the
imitation loss would be applied for both foreground and
background features with an extreme class imbalance ra-
tio. As expected, after removing M s, there is almost no
improvement in our model (w/o M ¢,) compared with the
baseline model as shown in Table 6.

Imitation weight. As shown in the last section of Table 6,
we tested different weights \;,, for the LiDAR imitation
loss term and found 1.0 is the optimal choice.

Therefore, the optimal choice is to imitate foreground
features of the 3D volume Vs, and the aggregated BEV fea-
tures F, pev. In Table 4, by comparing model (b.) and (c.),
the feature imitation strategy improves 3D detection perfor-
mance by 2.9%, 5.2% and 6.9% on car, pedestrian and cy-
clist classes of the KITTI dataset. Similar conclusions can
be drawn by comparing model (d.) and (e.).

4.3.2 The effectiveness of direct 2D supervisions

Due to the inefficiency of the 3D supervision for learning
semantic features, we appended an auxiliary 2D detection
head to provide direct 2D semantic supervisions for the se-
mantic feature Fg.,,. By comparing the model (d.) and the
baseline model (b.) in Table 4, the direct 2D supervision
improves 3D AP of cars from 62.74% to 63.32%, pedestri-
ans from 33.72% to 34.23%, and cyclists from 26.77% to
30.26%. The category with few data, cyclist, benefits more
from this strategy.

We also evaluated our semantic features by training 2D
detection only, but found poor performance on the KITTI
dataset, the 2D APs are only 88%, 52% and 36% for cars,
pedestrians and cyclists. We owe the poor results to the lack
of data and pre-trained weights. With ImageNet pre-trained
weights, the 2D APs are improved to 92%, 54% and 41%.
To learn more discriminative 2D semantic features, we also
performed experiments with ImageNet pre-trained weights
to initialize the model. The two proposed strategies can
consistently improve 3D detection performance with pre-
trained weights (see model (f.) and (g.) in Table 4). Our

Inference Memory AP3p (%)
Method | "Fie (s) GPU (GB) | 10U0.7/0.5
DSGN [10] 0.67 V100 29/6.0 53.95/79.10
Ours 0.35 TITAN Xp 10/4.9 68.47/92.85

Table 5. Time and memory consumption comparison. The memory
column shows both training and testing memory usage.

Imitation Car AP3;p
Settings Easy | Moderate | Hard
baseline 82.15 62.74 57.34
]Fim = {ng} 84.50 65.83 60.35
Fim ={FBEV} 84.60 65.16 58.04
Fim = {FBEV} 84.83 65.10 59.42
Fim = {Vsq, FEV} 84.99 65.67 60.16
Fim = {Vsa, FeEV, FBEV} | 82.95 63.49 58.17
wlo My, 31.13 62.01 54.83
Aim=0.2 82.61 64.15 58.23
Aim=0.5 85.14 65.44 59.85
Aim=1.0 84.99 65.67 60.16
Aim=2.0 84.47 65.11 59.84

Table 6. Ablation studies for the LiDAR imitation loss. The op-
timal settings are to imitate {Vs4, Fpgv } with foreground mask
Mg, and the loss coefficient is set to 1.0.

final model (model (g.)) is able to learn both high-quality
geometric features and semantic features, which further re-
duces the gap between LiDAR-based and stereo-based 3D
detection algorithms. Note that due to the structure differ-
ences between our backbone and ResNet-34, we only load
pre-trained weights for the first three blocks from conv! to
conv3. For the detailed 2D detection results, please refer to
Sec. 2 of the supplementary materials.

5. Conclusion

In this paper, we propose to learn stereo-based 3D de-
tectors under the guidance of high-level geometry-aware
LiDAR features and direct semantic supervisions, which
successfully improved the geometric and semantic capa-
bilities. Our model surpasses the state-of-the-art algo-
rithms over 10.44% mAP on the official KITTI 3D detec-
tion benchmark, which is closing the gap between stereo-
based and LiDAR-based 3D detection algorithms. How-
ever, stereo-based 3D detectors still suffer from occlusions,
non-textured area and distant objects. By utilizing more ad-
vanced “teachers” and more robust stereo algorithms, we
expect this problem to be solved step by step in the future.
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