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ARTICLE INFO ABSTRACT

Depth and surface normal estimations are important for 3D geometric perception, which has

Keywords: numerous applications including autonomous vehicles and robots. In this paper, we propose a
lightweight Multi-stage Information Diffusion Network (MIDNet) for the simultaneous predic-
Depth Estimation tion of depth and surface normals from a single RGB image. To obtain semantic and detail-
preserving features, we adopt a high-resolution network as our backbone to learn multi-scale
Surface Normal Estimation features, which are then fused into shared features for the two tasks. To mutually boost each
task, a Cross-Correlation Attention Module (CCAM) is proposed to adaptively integrate infor-
Multitask Learning mation for the prediction of the two tasks in multiple stages, including feature-level information
interaction and task-level information interaction. Ablation studies show that the proposed multi-
Attention Map stage information diffusion strategy can boost the performance gain for the two tasks at different
levels. Compared to current state-of-the-art methods on the NYU Depth V2, Stanford 2D-3D-
Multi-Stage Information Fusion Semantic and KITTI datasets, our method achieves superior performance for both monocular

depth and surface normal estimation.

1. Introduction

Monocular depth estimation aims to predict distances between objects in a scene and the camera using a single
image. Monocular surface normal estimation aims to predict the relative directions to the camera viewpoint for each
pixel from a single image. Monocular depth estimation is an ill-posed problem due to the geometric ambiguity caused
by the projection from a 3D scene to a 2D plane. Both depth and surface normal estimation tasks become extremely
challenging in the presence of complex backgrounds and occlusions when no prior information of the scene is available
[1-3].

Driven by deep learning techniques, several monocular depth estimation [4—12] and surface normal estimation
[13] [14] [15-17] methods have achieved impressive results using a large number of labelled data. Most of these
methods perform depth estimation and surface normal estimation separately without sufficient consideration on their
closely underlying geometric relationship. This commonly causes inconsistent predictions, e.g., the predicted depth
maps could be distorted in planar regions [18]. This can be inferred that joint monocular depth and surface normal
estimation has the potential to boost the performance of each individual prediction.

In the past few decades, multi-task learning has been extensively studied, e.g., for depth estimation and image
decomposition [19], depth estimation and semantic segmentation [3, 20-25] and depth and surface normal estimation
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Figure 1: Comparison between the results of depth and surface normal estimation with feature-level interaction and with
multi-level interaction.

[18, 26-30]. However, most existing methods first learn common features using shared layers before the learning of
task-specific features using separate branches [31-33]. Although different tasks may be correlated to some extent,
these previously reported methods just perform information interaction through a combination of task-specific losses
on the same backbone.

Recently, more effective multi-task learning approaches have been proposed to focus on task-level interaction [27—
29, 34] or feature-level interaction [35]. However, these existing methods normally only focus on only one-stage
interaction. As a result, they cannot fully learn the interactive information between depth and surface normal estima-
tions.

In this paper, we propose a joint prediction approach of depth and surface normal using a multi-stage interaction
strategy with a Cross-Correlation Attention (CCAM). As shown in Fig. 1, both depth and surface normal estimations
with feature-level interaction achieve a significantly better performance compared to the single tasks. Moreover, further
interaction at the task level can boost the performance to a certain extent. To this end, we adopt a high-resolution
network (HRnet) [36] as our shared backbone to perform depth prediction and surface normal estimations. This choice
is motivated by the fact that high-resolution features are beneficial to the pixel-level tasks. From Fig. 1, it can be seen
that HRnet can preserve detailed information for both depth and surface normal estimation, e.g., the picture on the wall.
Then, we design a multi-scale feature fusion module to fuse low-resolution features with semantic information and
high-resolution features with detailed information. We also designed a Cross-Correlation Attention Module (CCAM)
to perform fusion of task-specfic features for the first stage interaction. Once the initial depth and surface normal
estimations are obtained, the proposed CCAM is used to conduct task-level information fusion for the second stage
interaction. Experimental results on the NYU Depth V2 [37], Stanford 2D-3D-Semantic [38] and KITTI [39] datasets
demonstrate that our network achieves superior performance for both monocular depth and normal estimation.

The major contributions of our work can be summarized as follows:

e We introduce a multi-stage information diffusion strategy to achieve interactions for joint-task learning through
the proposed end-to-end deep neural network (MIDNet).

e We design a Cross-Correlation Attention Module to effectively capture interactive information at different levels
between depth and surface normal estimations.

e Our MIDNet achieves state-of-the-art performance for joint monocular depth estimation and surface normal
estimation on the NYU Depth V2 [37] and Stanford 2D-3D-Semantic [38] datasets, and achieves similar perfor-
mance to prior art on the KITTI [39] dataset.

The rest of this paper is organized as follows. In Section 2, we briefly review related works. In Section 3, we
describe the proposed network in details. In Section 4, experimental results are presented. Finally, we conclude this
paper in Section 5.
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2. Related Works

In this section, we briefly review related works of the relevant approaches for monocular depth estimation, surface
normal estimation, and multi-task learning.

2.1. Monocular Depth Estimation

Monocular depth estimation has long been tackled using Markov Random Fields (MRFs). Recently, learning-based
methods have reached promising performance in monocular depth estimation. Eigen et al. [4] proposed a deep neural
network with two stacks to predict a coarse depth map from an entire image, and then refine the original prediction
locally. Liu et al. [40] integrated continuous Conditional Random Field (CRF) into a CNN framework to capture
consistency information of neighbouring pixels. Roy et al. [41] combined neural regression forests with convolutional
neural networks to predict depths in the continuous domain via regression. Xu et al. [42] proposed a deep model to
predict depth in an end-to-end manner by integrating a cascade of multiple CRFs as a unified graphical model. Xu et al.
[43] proposed continuous CRFs to fuse information using a structured attention model, which automatically regulates
the amount of information transferred between corresponding features at different scales. Fu et al. [5] adopted dilated
convolution to capture multi-scale semantic features and designed an ordinal regression loss for depth estimation.
Chen et al. [44] considered monocular depth estimation as a multi-class dense labeling problem. They proposed an
attention-based context aggregation network to adaptively learn task-specific similarities between pixels. Zhang et al.
[45] proposed a hard-mining network and a hard-mining objective function to achieve monocular depth estimation.
Besides, intra-scale and inter-scale refinement sub-networks were designed to accurately localize and refine those
hard regions. Kim et al. [46] proposed a deep variational model to effectively integrate heterogeneous predictions
from global and local convolutional neural networks for depth prediction from a single image. More recently, Su
et al. [47] proposed a general information exchange convolutional neural network and a mutual channel attention
mechanism to perform information exchange between the high-resolution and low-resolution features for monocular
depth estimation. Chen et al. [48] and Lee et al. [49] proposed to decode multi-scale features to multi-resolution depth
predictions to take advantage of the multi-scale loss functions and explicitly constraint multi-scale features. Multi-
scale features and multi-resolution depth predictions can be matched directly in this manner, but computational cost
increases significantly. Huynh et al. [50] implicitly embedded the coplanarity constraint into the monocular depth
network by designing a Depth-Attention Volume (DAV). Ye et al. [51] proposed a non-local spatial attention module
by introducing a non-local filtering strategy to explicitly exploit the non-local correlation in the spatial domain to
facilitate depth details inference. In contrast to these previous works, our method exploits multi-task learning across
depth and surface normal predictions at multiple information interaction stages.

" . Depth
4 I 7 | —_—
| N : S = g ‘
[ } 'y 1x1Convs & —» 4 — —» 1x1 Convs —|l B> c—»-2 =
‘ | | £ =] =
- EREAIL e : q]
- i 3 2 Normal
I x orma
| '_,g | T].-, 3
RGB Image HRnet } g s } E 3 <
| x | 1x1Convs > —» § —»| 1x1 Convs —» '{—» C— ﬁ —> > g —»|
[ ‘ © . 5 =
I e ! St Y
I
[------ Shared Backbone-----|-----Multi-scale Feature Fusion Module----| ---==-----=----- Multi-Stage Information Diffusion ----------=---------| |

Figure 2: Overview of the proposed MIDNet.

2.2. Surface Normal Estimation

Most surface normal estimation methods exploit the strong feature representation capability of deep neural net-
works. Ladicky et al. [15] combined contextual and segment-based cues to build a regressor in a boosting framework.
They transformed surface normal estimation into the regression of coefficients of a local encoding. Eigen et al. [31]
adopted a hierarchical network for depth/normal prediction in a coarse-to-fine manner. Wang et al. [17] proposed a
deep neural network to learn both global and local features for coarse prediction. They then used a fusion module to
perform the final estimation. Li et al. [26] proposed a deep convolutional neural network model to learn the map-
ping from multi-scale image patches to depth or surface normal values at the super-pixel level. Then, the estimated
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super-pixel depth or surface normal is re ned to the pixel level by exploiting various potentials in the depth or surface
normal map. Qi et al. [16] converted depth and surface normal estimation into spherical regression to obtain the nal
prediction. More recently, Wang et al. [52] proposed a method to combine traditional line and vanishing point analyses
with a deep learning approach for single-view surface normal estimation.

2.3. Multi-Task Learning

Misra et al. [53] proposed a cross-stitch network for multi-task learning. Although this method outperforms the
baselines, it su ers from propagation interruption if the combination of weights degenerate into 0. Besides, the network
design with two parallel sub-networks also increases the number of parameters and learning complexity. Kokkinos eta
[54] proposed an Ubernet to implement various tasks on diverse datasets. Huang et al. [55] applied dense connectio
in each layer of a network for recognition tasks. With fully-dense connections, all the information can be shared.
Meanwhile, memory consumption is also increased. Xu et al. [43] proposed the PADNet to distill knowledge from
di erent tasks for the target tasks using a structured attention module. Qi et al. [27] proposed GeoNet to perform task:
level interaction between depth and surface normal estimations using depth-to-normal and normal-to-depth network:

Jiao et al. [35] proposed a synergy network and an attention-driven loss to automatically learn the information
sharing strategies between the two tasks. However, a uni ed weight is directly assigned to a feature map without as
signing di erent weights to individual values. Liu et al. [32] designed a multi-task attention network for the prediction
of depth, surface normal and semantic labels. They used a soft-attention module to extract task-speci c features fror
a single shared backbone. However, this method can only learn common features from the shared backbone. Zhal
et al. [29] proposed a pattern-a nitive propagation method to learn an a nity matrix for each task of depth estima-
tion, normal estimation and semantic segmentation. They then adaptively combined these three a nity matrices to
boost each task by extracting shared information from the other two tasks. Furthermore, Zhou et al. [28] proposec
intra-task Pattern-Structure Di usion (PSD) and inter-task PSD structures to transmit intra-task pattern-structures a
the feature-level among di erent tasks.

In contrast to these previous works, we explore a multi-stage information fusion strategy for joint depth and surface
normal estimation. We also design a uni ed Cross-Correlation Attention Module to measure the relevance betweer
multiple tasks at the task-speci ¢ feature level and the task level.

3. Multi-Stage Information Di usion

In this section, we rst describe the proposed MIDNet, and then introduce the multi-scale feature fusion module,
and the Cross-Correlation Attention Module for multi-stage interactions, and nally provide the loss function integrat-
ing two di erent pixel-level prediction tasks. The architecture of the proposed MIDNet is shown in Fig. 2.

3.1. Overview of MIDNet

In this work, we use HRnet [36] as our architecture backbone to learn the high-resolution features of a scene. HRne
uses a high-resolution sub-network at the rst stage, followed by high-to-low resolution sub-networks one by one to
form more stages, and connects the multi-resolution sub-networks in parallel. For HRnet [36], the high-resolution
sub-network is designed to preserve detailed features, which are potentially bene cial to pixel-wise prediction. In
[56], the pixel-wise task of semantic segmentation has been explored using HRnet [36]. In this paper, we focus on thq
monocular depth and surface normal estimations.

As shown in Fig. 2, once the multi-scale features are extracted by the shared backbone (i.e., HRnet), a multi-scal
feature fusion module is introduced to fuse these features. These multi-scale features are then concatenated and furtl
processed using sevetiht 1 convolutional layers to produce raw task-speci ¢ features. Next, CCAM (shown in Fig.

3 (a)) is used to capture interactive information at the feature level between multiple tasks to generate fused feature
which are further processed iy 1 convolutional layers to aggregate the di erent channel features, resulting in the
initial estimates of depth and surface normals. The initial estimates are then re ned at the task-level interaction by the
CCAM module. Finally, the output of the last CCAM is up-sampled to the same resolution as the input of MIDNet
using an up-block module (Fig. 3 (b)) to obtain the nal prediction.

3.2. Multi-scale Feature Fusion
As shown in Fig. 2, HRnet produces feature maps at four scales, with resolutibhs oW « 32, HE . W; 64,

Hz . % «128 and% . WF +256. The feature map with higher resolution contains detailed image information, while the
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Figure 3: Architecture of the CCAM and up-block modulesA, and B, are the 0-th channels of feature map# and B,
respectively. C, is the cross-correlation matrix oA, and B,. | and F represent the initial and nal estimations for one of
the two tasks, respectively.

feature maps with lower resolutions contain high-level semantic information. To fully use multi-level information, we
propose an e cient multi-scale feature fusion module to integrate information from multi-scale features. Speci cally,
we use convolutional kernels of di erent sizes for the low-resolution branches to ensure their number of channels is
the same as the high-resolution branch. Then, bilinear interpolation is used to resize these transformed feature ma
to produce features with the same spatial resolution as the high-resolution branch. Finally, these resized features a
concatenated to produce raw features, which are further exploited in the subsequent steps.

An advantage of this feature fusion module is the reduction of the number of parameters. This is because the featu
map produced by the multi-scale feature fusion module has only 128 channels. In contrast, direct concatenation c
feature maps with di erent resolutions produces a feature map with 480 channels (as in [36]).

3.3. Multi-Stage Information Di usion
In this work, we propose CCAM (shown in Fig. 3 (a)) to capture the interactive information between the di erent
tasks at di erent stages for the prediction of depth and surface normals.

3.3.1. Cross-Correlation Attention Module

A major challenge of joint-task learning is to share useful information across di erent tasks. Although the shared
backbone can learn the common features of the two tasks, the feature-level interaction and the task-level interaction a
more important to improve the nal performance. Therefore, we propose CCAM to handle the multi-stage information
di usion. In this section, CCAM is described at the feature-level for simpli cation.

Given two feature map& andB E RH*W* C |Jearned from the two branches (Fig. 3), they are fed to the cross-
correlation module to generate a cross-correlation maui#xRH * W* € which is used as a guide to learn the relevance
between the two tasks in Eq. (1).

C=Aa B; Q)

where&d denotes the element-wise matrix multiplicatidd.is fed to twol « 1 convolutional layers in each branch,
resulting in two feature map@,E RH*W*C andQgE RH*W*C. Next,Q, andQg are respectively encoded into
two attention mapM g andM pwg using two sigmoid layers. Therefore, the contribution of each value of a feature
map from task to task, can be represented by the attention rivipm, . Similarly, the contribution of each value of

a feature map from tagkto tasks can be represented by the attention g . Consequently, each value of the
feature map of taskis assigned a relevance probability to the corresponding feature map gf task
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3.3.2. Feature-Level Information Di usion
In this stage, we use two attention mapss@ and My~g) to fuse featureé andB for feature-level information
di usion. Speci cally, the fused feature mags,,, andB,,, for task, and task are respectively represented as:

AneW:A"'.MBTMAé B/ (2)

BneW= B+.MATMB a A/,
whereA ., absorbs the interactive information from tgskndB,,,, absorbs the interactive information from task
Here, A, @nd By, are ne task-speci c features produced by CCAM. Subsequently, the initial predictions are
estimated fromA ., andB,,.,, With the interactive information between two tasks.

3.3.3. Task-Level Information Di usion

Once the initial predictions for tagkand task are obtained from the rst round of the feature-level interaction,
we repeat CCAM to conduct task-level information di usion. In this stage, CCAM is explicitly used to measure
the relevance between the original depth and the surface normal estimation, and perform the task-level interactior
Speci cally, the initial depth map is concatenated with the output feature maps of the rst CCAM to form the new
input for the second round of information interaction. The same process is also applied to the surface normal estimatio
task. The rationale behind the task-level information di usion is that initial estimates of &tk tasl contain more
task-orientated information. Therefore, the second CCAM can explicitly mine the relationship between these two
tasks. Besides, the concatenated feature-level information and initial estimates can further be integrated by the secol
CCAM. Finally, we iteratively implement this operation to conduct deep interaction between these two tasks. The
experimental results in Section 4.2.2 demonstrate that iterative CCAM can further improve the performance of these
individual two tasks.

3.4. Loss for Joint-task Learning
We use BerHu loss [7] for depth estimation. That is:

ngjprs gtg' if %jpre gt§f (3)
T et i Be* 0>

J

whered,, anddg, are the predicted and ground truth depth maps. Berhu loss [7] provides a good trade-o between
L, andL, norms. It assigns large weights to pixels with high gradient residuals due to the usk pfétsn. Mean-

while, itsL ; term gives more consideration to the pixels with smaller gradient residualé thaorm. In Eq. 3, is

a threshold, which is set to 20% of the maximum error between predictions and ground truth.

We then usé , loss for the surface normal estimation task:

%pre gt% (4)

wheren,,, andng, are the predicted and ground truth normals of a 3D point, respectivelyl Jess can e ectively
learn accurate normal predictions since it focuses more on the three axes of normals than the cosine loss [57].
To balance these two tasks, we simply assign the same weight for both depth and surface normal estimation:
Therefore, the total loss is de ned as:
Ltotat = Lg + Lp: (5)

In addition, the total loss (Eq. 5) is applied to the multi-stage information di usion, i.e., the total loss is used after
each CCAM for the supervision of each estimation stage.

4. Experiments

In this section, we rst introduce our experimental settings and then conduct ablation studies to test the proposec
MIDNet. In addition, we further compare our method with several relevant state-of-the-art single-task and joint-task
methods.
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4.1. Experimental Settings
4.1.1. Datasets

We tested our method on three publicly available datasets: the NYU Depth V2 [37], Stanford 2D-3D-Semantic
[38], and KITTI [39] datasets.

The NYU Depth v2 dataset consists of around 400k RGB-D images of 464 indoor scenes. For training, we randomly
selected 12k images from the o cial training scenes following Eigen split [4]. These 12k images have ground truth
depth maps but no ground truth for the surface normals. Therefore, we used a toolbox provided by the Nathan et a
[37] to generate the ground truth surface normals for these images. Note that, we follow the Stanford 2D-3D-Semanti
dataset [38] protocol to set the direction of surface normal towards the camera as the ground truth's direction.

The Stanford 2D-3D-Semantic dataset [38] is a large-scale indoor dataset collected in 6 areas ofrA€FIBIG0
dataset contains over 70k RGB images and their corresponding depth and surface normal maps.

The KITTI dataset [39] contains over 93k depth maps with their corresponding raw LIiDAR scans and RGB images.
Following the split of [4], training was performed on 23488 uninpainted images of 32 scenes and test was conductec
on 697 images of 29 scenes. During training, images were randomly cropped to a resol@tarr 6f1.2.

4.1.2. Implementation Details

We implemented our network using Pytorch [58] on a server with 8 Nvidia GTX 2080Ti GPUs. We built our
model based on HRnet-W32, which is pre-trained on the ImageNet classi cation task [59]. During training, the NYU
Depth V2 images (with a resolution 680 « 480) were center-cropped to a resolutionsdf4 « 416 to remove invalid
points around the boundaries of images. For images in the Stanford 2D-3D-Semantic and KITTI datasets, two dat
augmentation strategies were used to increase the diversity of the data, including cropping and ipping.

For the NYU Depth V2 and Stanford 2D-3D-Semantic datasets, all models were rst optimized using SGD with
a batch size of 6. The initial learning rate was set #dl0™ and reduced to half after every 20 epochs. The training
process was stopped after 200 epochs. For the KITTI dataset, since there is no ground truth for surface normals, we r:
trained our model on NYU Depth V2 for the surface normal estimation, and then froze the surface normal estimation
branch to train the depth estimation branch on KITTI for 100 epochs.

4.1.3. Evaluation Metrics
To achieve fair comparison with previous works, the same evaluation metrics are used to test the depth estimatio
performance, including the average relative erREL ), root mean squared errdRiM SE ), root mean squared error
in logarithmic spaceRM SE .log/), mean absolute error in logarithmic space (Log10) and accuracy with a threshold
,where E .1:25;1:25%;1:25%/. These metrics are de ned as:

1 B %ipre i1* dys. |/§

REL = — ; (6)
N i=1 dgt I/
{ o
RMSE =W & dyreif* dy il U]
i=1
S
RMSE .log/ = W Nl 10G0ye.i/ * log dgy.i//2; ®)
i=1
3
N =« .
= Ady,e.1/1
percent= %reo 100
S_t_maxo Opre i/ g/ ©
t g i/ oy 17

whered,.i/ anddg,.i/ are the estimated and ground truth depth values at positi@spectively.N is the number
of valid pixels and = 1:25; 1:25%; 1:25°.
For the evaluation of the surface normal prediction, several commonly used metrics [17, 31, 60] are adopted.
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Table 1
Ablation study of CCAM on NYU Depth V2.
Models RMSE rmse* n
Depth only 0.544 -
Normal only - 28.3
Depth & Normal w/o CCAM 0.510 27.0
Feature-level interaction with CCAM 0.440 25.9
Feature-level and task-level interactions with CCAMs 0.427 24.7

including mean of angle erromearn, median of angle erronfediar), root mean square error of normafse* n),
and pixel accuracy. Here, pixel accuracy is de ned as the percentage of pixels with angle errors smaller than a threshol
,where E .11:2%;2250;30Y/.

4.2. Ablation Study

In this section, we present several experiments on the NYU Depth V2 dataset [37] to justify our design choices.
Speci cally, we used 12k images to train all the models and 654 images for test. Due to the limit of GPU memory, we
downsampled the input images from a resolutdd 416 to 136 « 104 for the high-resolution branch. During test,
we cropped the 654 images of resolutiorbdf « 480 to the same size as the training samples.

4.2.1. Multi-scale Feature Fusion

We test the e ectiveness of our multi-scale feature fusion module (Fig. 2) only for monocular depth prediction.
More speci cally, we introduce a depth estimation baseline by directly concatenating multi-scale features and then
regressing the depth map. Compared to the baseline, we adopt the designed multi-scale feature fusion module f
depth estimation. The method with our module achieveRMISE of 0.544, which is lower than the baseline (i.e.,
0.556). That is because direct concatenation of multi-scale features in the baseline can weaken the discriminativene
of the high-resolution features. In contrast, we rst transform the multi-scale features to the same number of channel:
as the high-resolution branch, and then concatenate these multi-scale features at the same resolution. This operat
can aggregate the semantic information of the low-resolution features and simultaneously improve the utilization rate
of the high-resolution feature maps in the subsequent parts of the network. This is because the ratio of high-resolutio
features is increased by compressing the number of feature channels with low resolutions. Compared to ResNet, HRn
achieves a similar performance, while it preserves the ner details. Speci cally, the HRnet-w32 model trained with
12k images achieves &M SE of 0.556. In contrast, the ResNet18 and ResNet50 models trained with 795 images
achieveRMSE values of 0.572 and 0.510 [28], respectively.

4.2.2. Multi-Stage Information Di usion With CCAM

In this section, we analyze the bene ts introduced by our multi-stage information di usion strategy for the two tasks
using CCAM. In Figure 4, we show the visualized Cross-Correlation Attention Map (CCAM). The depth-to-normal
attention map (@) illustrates that pixels with similar depths have similar attention values and pixels that are farther
away have higher attention values, which helps in the normal estimation process. The normal-to-depth attention ma
(b) shows that di erent surfaces have di erent attention values, indicating that di erent surfaces contribute to their
corresponding local depth estimations.

It is noted that the model dbepth & Normal w/o CCAMs implemented to predict depth and surface normal
estimates following the method in [25]. It can be seen from Table 1 that joint-task models (for both without or with
interactions) achieve better performance than single task models. That is because, the joint-task model without CCAN
can still learn shared information between multiple tasks from the shared backbone, while the models with only feature:
level interaction, 2 feature-level interactions or with both feature-level and task-level interactions can further conduct
interactions using the designed CCAM. Besides, joint-task models with feature-level interaction outperform joint-task
models without CCAM by 15.7% and 4.6% in term®RBA SE andrmse* n, respectively. Compared to the module
of feature-level and task-level interactions with CCAMs, the module of 2 feature-level interactions with CCAMs was
trained without the supervision of ground truth of depth and surface normal for the initial estimations, leading to
slightly inferior performance. This result also demonstrates the e ectiveness of the proposed multi-stage information
di usion strategy.
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Figure 4: Visualization of CCAM mechanism. The D2N attention and N2D attention represent depth-to-normal attention
map and normal-to-depth attention map, respectively.

Table 2

Comparison to the state-of-the-art monocular depth estimation methods on the NYU
Depth V2 dataset. Thelog and Data representRMSE .log/ and the training size for
each method, respectively. The single task algorithms [4, 5, 7, 40 42, 61, 62] and the
MTL-based algorithms [18, 21, 26, 27, 29, 34, 43, 65] are separated into two parts.

RMSE | REL log 1 ) 3

Method Data Lowlr the beltter HigrLer the b‘etter
DCNF [40] 795 0.824 | 0.230 - 0.614 | 0.883 | 0.971

NR forest [41] 795 0.744 0.187 - - - -
Xu et al. [61] 795 0.593 | 0.125 - 0.806 | 0.952 | 0.986
Eigen [4] 120k | 0.877 | 0.214 | 0.285 | 0.611 | 0.887 | 0.971
MS-CRF [42] 95k 0.586 | 0.121 - 0.811 | 0.954 | 0.987
FCRN [7] 12k 0.573 | 0.127 | 0.194 | 0.811 | 0.953 | 0.988
AdaD-S [62] 100k | 0.506 | 0.114 - 0.856 | 0.966 | 0.991
DORN [5] 120k | 0.509 | 0.115 - 0.828 | 0.965 | 0.992
PAD-Net [43] 795 0.582 | 0.120 - 0.817 | 0.954 | 0.987
Wang et al. [21] | 795 0.745 | 0.220 | 0.262 | 0.605 | 0.890 | 0.970
HCRF [26] 795 0.821 | 0.232 - 0.621 | 0.886 | 0.968
SURGE [18] 795 0.643 | 0.155 | 0.214 | 0.768 | 0.951 | 0.989

GradNorm [65] | 81k 0.629 - - - - -
GeoNet [27] 16k 0.569 | 0.128 - 0.834 | 0.960 | 0.990
TRL [34] 12k 0.501 | 0.144 | 0.181 | 0.815 | 0.962 | 0.992
PAPNEet [29] 12k 0.497 | 0.121 | 0.175 | 0.846 | 0.968 | 0.994
SharpNet [64] - 0.495 | 0.139 | 0.157 | 0.888 | 0.979 | 0.995
MIDNet (d+n) 12k 0.427 | 0.099 | 0.105 | 0.892 | 0.973 | 0.990

TheRMSE performance of monocular depth estimation is improved from 0.440 to 0.427 with both feature-level
and task-level iterations, as shown in Table 1. However, the improvement is almost saturated after the two task-leve
iterations. That is because, useful interactive information between di erent tasks has been fully absorbed by eacl
single task after the second task-level iteration, further task-level iterations cannot improve their performance. To reacl
a compromise between accuracy and computational complexity, feature-level and task-level iterations are both adopte
once in our work on the NYU Depth V2, Stanford 2D-3D-Semantic and KITTI datasets. These results demonstrate
that the proposed CCAM module can e ectively fuse features from the two tasks.

4.3. Comparison to State-of-the-Art
4.3.1. The NYU Depth V2 Dataset

We compare our MIDNet with a number of monocular depth estimation methods [4, 5, 7, 21, 26, 27, 29, 34,
40 43, 61 63] and surface normal estimation methods [13] [14] [15, 17, 18, 27, 29, 60, 64] on this dataset. The
depth estimation task was rst trained using the selected 12k images. Then, the depth estimation and surface norm
estimation tasks were jointly trained using the CCAM module. Finally, the joint-task learning network was tested on
654 images.
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Table 3

Comparison to the state-of-the-art surface normal estimation methods on the NYU Depth V2 Dataset. Theeg med
and rm* n representmean medianand rmse* n metrics, respectively. The single task algorithms [13 15, 17, 60] and the
MTL-based algorithms [18, 27, 29] are separated into two parts.

mea | med | rm* n 1 2 3

Method Lov!/er the |better High|er the l:|)etter
3DP [13] 36.3 | 19.2 - 16.4 | 36.6 | 48.2
UNFOLD [14] 35.2 | 179 - 405 | 54.1 | 58.9
Discr. [15] 335 | 23.1 - 27.7 | 49.0 | 58.7
Deep3D [17] 26.9 | 148 - 42.0 | 61.2 | 68.2

SkipNet [60] 198 | 120 | 28.2 | 479 | 70.0 | 77.8

SURGE [18] | 20.6 | 12.2 - 47.3 | 68.9 | 76.6
GeoNet [27] 190 | 11.8 | 26.9 | 484 | 71.5 | 795
PAPNet [29] 18.6 | 11.7 | 255 | 48.8 | 72.2 | 79.8
MIDNet (d+n) 178 | 121 | 248 | 48,6 | 723 | 82.1

Figure 5: A comparison of depth maps estimated by di erent methods on the NYU Depth V2 dataset. The images used
(with a resolution of 640 « 480) have been center-cropped to a resolution &44 <416 to remove any invalid points around
the boundaries. (a) original RGB image; (b) depth maps generated by the method of [61]; (c) PAPNet [29]; (d) our
proposed MIDNet; (e) ground truth.

Quantitative Comparisons: Monocular depth estimation results are shown in Table 2. It can be observed that our
MIDNet achieves the best performance on the NYU Depth V2 dataset. Our MIDNet outperforms the second best
method (i.e., PAPNet [63]) by 14% in termsRMSE . TheREL, RMSE .log/ and ; results achieved by our
MIDNet are better than PAPNet [63] by a large margin although the performanga®$lightly lower than PAPNet

[63]. Thisis because the proposed method performs joint prediction of depth and normal estimations with a multi-stage
information di usion strategy, while PAPNet [63] only implements interaction at the task level. Through multi-stage
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Figure 6: Visualization of surface normal maps estimated by di erent methods on the NYU Depth V2 dataset and images
(with a resolution of 640 « 480) were center-cropped to a resolution 0644 « 416 to remove invalid points around the
boundaries of images. (a) RGB image; (b) SkipNet [60]; (c) GeoNet [27]; (d) PAPNet [29]; (e) our MIDNet; (f) ground
truth. Note that, invalid points are shown in black. The areas within the red rectangles in the rst row are magni ed and
shown in the second row.

Figure 7: Visualization of depth maps and surface normal maps estimated by our MIDNet on the NYU Depth V2 dataset
and images (with a resolution of640 « 480) were center-cropped to a resolution 0644 « 416 to remove invalid points
around the boundaries of images.

information interaction, the task-speci c features from the depth estimation task can be adequately absorbed by th
features for surface normal estimations, and vice versa. our MIDNet outperforms TRL [34] by a large margin in terms
of RMSE , REL, RMSE .log/ and ; although TRL conducts feature-level interaction in a hierarchical manner.
This is because, our CCAM obtains the relevance of the two tasks with the guidance of the cross-relation matrix of the
two task-speci c feature maps, while TRL [34] directly concatenates the two task-speci ¢ feature maps to obtain the
relevance. Besides, the task-level interaction proposed in our model can further boost the nal performance.

The surface normal estimation results are shown in Table 3. Our MIDNet outperforms GeoNet [27] and PAPNet
[29] in terms ofmean median , and ;. That is mainly because our CCAM can extract more useful information
from the depth estimation task for the surface normal estimation. In addition, our CCAM can boost the interaction
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Table 4
Comparison to the state-of-the-art monocular depth estimation methods on the Stanford 2D-3D-Semantic Dataset.

RMSE [ REL [ log10
Lower the better
Ron et al. [66] 0.825 | 0.219 | 0.094

Our MIDNet (d+n) 0.424 0.126 | 0.055

Method

between depth maps and surface normal maps at multiple stages.

Qualitative Comparisons: Visualization results are shown in Figs. 5 and 6. It can be seen from Fig. 5 that our
predicted depth maps are closer to ground truth depth maps than the other methods, especially in challenging are
(as shown by the red rectangles in Fig. 5). Besides, our MIDNet clearly produces ner details. For example, our
MIDNet can infer that di erent parts of a table should have di erent depth values (as shown in the selected regions
of the second column of Fig. 5). In contrast, other methods cannot achieve such detailed reasoning. In addition, ou
MIDNet can accurately predict the depth maps of small objects, such as the vase on the table in the third column o
Fig. 5. In addition, the proposed algorithm obtains slightly worse depth estimation than that of PAPNet [29] above
the red box in the second column of Fig. 5. However, we achieve the more accurate depth estimation in the remainin
parts that contains more pixels, leading to better performance in average.

It can also be seen from the outlined regions in Fig. 6 that, our MIDNet has a stronger reasoning ability than other
methods. Speci cally, our MIDNet can accurately predict the surface normals of a sofa, especially on the backrest
part, as shown in the second row of Fig. 6. Another example on the third and fourth rows also demonstrates simila
results. Although interaction is performed between depth and surface normal estimation in GeoNet [21] and PAPNe
[23], only the task-level interaction is used in these methods, which cannot extract su cient information from the other
task.

In Fig. 7, we provide more visualization results on this dataset to further demonstrate our accurate predictions. Ii
can be observed from the bottom row of Fig. 7 that, although the split line between the cupboard and the wall is not
labelled in the ground truth of surface normal map, our MIDNet can adaptively absorb useful information from the
depth estimation branch to predict a clear split line in the normal map. These examples, in Fig. 7, also demonstrat
that our MIDNet can predict accurate depth and surface normal estimations at the same time.

4.3.2. The Stanford 2D-3D-Semantic Dataset

We compare our proposed MIDNet with the state-of-the-art method [66] on this dataset. We used the same networ
structure as the NYU Depth V2 dataset to jointly perform depth and surface normal estimations. For a fair comparison
we followed the same testing protocol as [66]. Speci cally, we used a subset of areas 2, 4 and 5 for training and a subse
of areas 1, 3 and 6 for test. The Stanford 2D-3D-Semantic dataset also provides a binary mask for invalid raw deptl
pixels. The loss was only calculated on valid pixels during training, and evaluation was only performed on valid pixels
during test.

Quantitative Comparisons: Quantitative depth estimation results are shown in Table 4. Our network outperforms
the state-of-the-art method [66] by a very large margin. For exampleRBLBE (i.e., 0.424) is almost reduced to

half as compared to [66] (i.e., 0.825). This clearly demonstrates the superiority of our network on the Stanford 2D-
3D-Semantic dataset. That is because, our CCAM fully employs interactive information between the two tasks (i.e.,
depth estimation and surface normal estimation) to achieve optimal prediction on all pixels. In contrast, the previous
method [66] only focuses on user-selected parts by introducing ordinal constraints. For surface normal estimation, ou
MIDNet also achieves impressive results (irrean 24.5 andmedian 18.7).

Qualitative Comparisons: Visualization results of depth estimation are shown in Fig. 8. Itis clear that our predicted
depth maps are closer to the ground truth. More speci cally, the door in the outlined region in the rst row of Fig. 8 is
accurately predicted by our MIDNet, while only a blurry outline of the door is predicted by [66]. Besides, our MIDNet
can predict the depth of the wall with detailed boundaries. However, almost the same depth is predicted by [66] for
the whole wall, as shown in the second row of Fig. 8.

In Figs. 9 and 10, more qualitative results are shown for a better illustration. It can be observed that our MIDNet
can simultaneously achieve accurate predictions of depth and surface normals. Besides, features can be automatice
fused by the normal maps from their corresponding depth maps to improve normal prediction performance, such a
the chairs in the third row of Fig. 10.
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Figure 8: Visualization of depth maps estimated by di erent methods on the Stanford 2D-3D-Semantic dataset and images
(with a resolution of 1080 » 1080) were down-sampled to a resolution 0640 « 640 due to the limit of GPU memory. (a)
RGB image; (b) Method of [66]; (c) our MIDNet; (d) ground truth. The areas within the red rectangles in the rst row
are magni ed and shown in the second row.

Figure 9: Visualization of surface normal maps estimated by our MIDNet on the Stanford 2D-3D-Semantic dataset and
images (with a resolution 0fL080+1080) were down-sampled to a resolution 840640 due to the limit of GPU memaory.
(a) RGB image; (b) predicted normal map; (c) ground truth normal map.

Note that, only the task of monocular depth estimation is performed in [66]. In contrast, our MIDNet jointly
predicts depth and surface normal maps. As shown in Fig. 9, our predicted normal maps are very close to the groun
truth maps and contain accurate semantic information, e.g., the chairs. Besides, the detailed structures of objects &
shown in predicted results.
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Figure 10: Visualization of depth maps and surface normal maps estimated by our MIDNet on the Stanford 2D-3D-
Semantic dataset and images (with a resolution df080 « 1080) were down-sampled to a resolution 0640 « 640 due to
the limit of GPU memory.

Table 5
Comparison to the state-of-the-art monocular depth estimation methods on the KITTI dataset.
RMSE [ REL L 5 3
Method Lower th|e better Higr|1er the b|etter
DORN [5] 2.727 | 0.072 | 0.932 [ 0.984 [ 0.994
VNL [69] 3.258 | 0.072 | 0.938 | 0.990 | 0.998
Make3D [67] 8.734 0.280 | 0.601 | 0.820 | 0.920
Eigen et al. [4] 7.156 0.190 | 0.692 | 0.899 | 0.967
Liu et al. [40] 4.935 0.114 | 0.647 | 0.882 | 0.961
Semi.[68] 4.621 0.113 | 0.862 | 0.960 | 0.986
Guo et al.[6] 3.258 0.090 | 0.902 | 0.969 | 0.986
MIDNet (d) 3.462 0.085 | 0.916 | 0.975 | 0.986
MIDNet (d+n) 3.298 0.077 | 0.926 | 0.987 | 0.996
Table 6
Comparison to DORN and VNL in terms of FLOPs and number of parameters. Note thdiGF LOPs=10° FLOPs.
Method Input setting | FLOPs #Para.
DORN [5] 257 « 353 120.62G | 110.28M
VNL [63] 512512 317.54G | 90.44M
MIDNet (d+n) 512512 69.74G | 30.02M

4.3.3. The KITTI Dataset

We compare our MIDNet with a number of monocular depth estimation methods [4 6, 40, 67 69] on this dataset.
Two models of MIDNet were trained for fair comparison, including MIDNet(d) and MIDNet(d+n). The MIDNet(d)
model was obtained by training our MIDNet on the KITTI dataset. In contrast, the MIDNet(d+n) model was obtained
by rsttraining our MIDNet on NYU Depth V2 for the surface normal estimation, and then training the depth estimation
branch on the KITTI dataset (with the surface normal estimation branch being frozen).
Quantitative Comparisons: Depth estimation results are shown in Table 5. Although our MIDNet is slightly inferior
to DORN [5] and VNL [69], it outperforms other existing methods [4, 6, 40, 67, 68] in almost all metrics and achieves
better performance than the model without surface normal priors.

Two reasons can be concluded for this observatfirst, our MIDNet is more lightweight than DORN [5] and
VNL [63] (as shown in Table 6). Speci cally, our MIDNet has onBp.02M parameters for the whole model. In
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Table 7
The complexity of each part of the proposed network. Note that, the input setting is set 812+512 and the 1GFLOP s =
10° FLOPs.

Modules | Backbone | Feature-level CCAM| Task-level CCAM
FLOPs 30.9G 12.68G 13.07G

Figure 11: Visualization of predictions on the KITTI dataset and images were randomly cropped to a resolutior86R+512.
(a) RGB image; (b) predicted depth map; (c) predicted normal map.

Figure 12: Visualization of predictions on the KITTI dataset and images were randomly cropped to a resolutior86R+512.
(a), (c) and (e) RGB image; (b), (d) and (f) predicted depth map.

contrast, the encoder part of DORN HaEV parameters, while VNL ha80.44M parameters in total. In addition,
the Floating Point Operations (FLOPs) and number of parameters (#Para.) of our MIDNet, DORN [5] and VNL [63]
achieved on the KITTI dataset are listed in Table 7. It is clear that our MIDNet uses a signi cantly smaller number
of parameters and consumes fewer calculations than DORN [5] and VNL [63]. Note that, the FLOPs and paramete
numbers of DORN [5] and VNL [63] are calculated using their publicly available mddels

Second a di erent neural network structure is used in our MIDNet. Speci cally, the encoder-decoder structures
used in DORN [5] and VNL [63] can extract richer information. In contrast, the HRnet [36] used in our MIDNet can
preserve detailed information but MIDNet cannot e ciently process the encoded features at our decoder stage for a
large-scale outdoor environment.
Qualitative Comparisons: Visualization results are shown in the rst row of Fig. 11. It can be observed that our
MIDNet can predict both accurate depth and surface normal maps, even though there is no surface normal groun
truth for network training on the KITTI dataset. Besides, our MIDNet can capture rich details of a scene, such as the
boundaries of the road in Fig. 11 (b-c). More qualitative results are shown In Fig. 12. It can be observed that our
MIDNet achieves reliable results on the validation split.

5. Conclusions

In this paper, we have presented a novel approach to jointly predict depth and surface normal maps from a singl
RGB image using a multi-stage information di usion strategy. Our method employed a high-resolution, lightly shared
backbone for extracting common features for both tasks and a multi-scale feature fusion module for integrating feature
at di erent scales. Additionally, we have introduced a cross-correlation attention map module to e ectively mine

Lhttps://github.com/dontLoveBugs/DORN_pytorch
2hitps://github.com/YvanYin/VNL_Monocular_Depth_Prediction
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useful information between the two tasks at multiple stages for interactive learning. The results of our experiments
on the NYU Depth V2, Stanford 2D-3D-Semantic and KITTI datasets demonstrate the effectiveness of our proposed
information diffusion strategy. In future work, we will investigate the use of a more efficient encoder-decoder structure
to improve performance in large-scale outdoor environments.
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