
Supplementary

A. Network Training Details

Both DepthNet and PoseNet are implemented with Py-
Torch [55] and trained on a single Titan X Pascal GPU.
We resize the images to 512 × 256 for both KITTI [25]
and EuRoC MAV [5]. We use ResNet-18 [31] as the en-
coder of DepthNet and it is initialized with ImageNet [60]
pre-trained weights. Note that since EuRoC MAV provides
grayscale images only, we duplicate the images to form 3-
channel inputs. The decoder of DepthNet and the entire
PoseNet are initialized randomly. We use a batch size of
8 and the Adam optimizer [38] with the number of epochs
20 and 40 for KITTI and EuRoC MAV, respectively. The
learning rate is set to 10−4 initially and decreased to 10−5

for the last 5 epochs.
The predicted brightness transformation parameters are

the same for the 3 channels of the input images. We mask
out the over-exposure pixels when applying affine bright-
ness transformation, since we found they negatively affect
the estimation of the brightness parameters. Engel et al.
also find similar issues in [18].

For the total loss function

Ltotal =
1

s

∑
s

(Ls
self + λsLs

reg), (1)

we use s = 4 output scales with and λs = 10−3 × 1
2s−1 .

For the regularization
Lreg = Lsmooth + βLab (2)

with
Lsmooth =

∑
p∈V
|∇xDt| e−|∇xIt| + |∇yDt| e−|∇yIt| (3)

and

Lab =
∑
t′

(at′ − 1)2 + b2t′ , (4)

we set β = 10−2.

B. Network Architectures

DepthNet. We adopt ResNet-18 [31] as the encoder
of DepthNet with the implementation from the torchvision
package in PyTorch [55]. The decoder architecture is built
upon the implementation in [26] with skip connections from
the encoder, while the difference is that our final outputs
contain 3 channels including Dt, Ds

t and Σt. Table 1 shows
the detailed architecture of DepthNet decoder.

PoseNet. The architecture of PoseNet is similar to [86]
without the explainability mask decoder. PoseNet takes 2
channel-wise concatenated images as the input and outputs
the relative pose and the relative brightness parameters a
and b. The predicted pose is parameterized with translation
vector and Euler angles.

DepthNet Decoder
layer chns scale input activation
upconv5 256 32 econv5 ELU [7]
iconv5 256 16 ↑upconv5, econv4 ELU
upconv4 128 16 iconv5 ELU
iconv4 128 8 ↑upconv4, econv3 ELU
disp uncer4 3 1 iconv4 Sigmoid
upconv3 64 8 iconv4 ELU
iconv3 64 4 ↑upconv3, econv2 ELU
disp uncer3 3 1 iconv3 Sigmoid
upconv2 32 4 iconv3 ELU
iconv2 32 2 ↑upconv2, econv1 ELU
disp uncer2 3 1 iconv2 Sigmoid
upconv1 16 3 iconv2 ELU
iconv1 16 1 ↑upconv1 ELU
disp uncer1 3 1 iconv1 Sigmoid

Table 1: Network architecture of DepthNet decoder. All layers are
convolutional layers with kernel size 3 and stride 1, and ↑ is 2× 2
nearest-neighbor upsampling. Here chns is the number of output
channels, scale is the downscaling factor relative to the input im-
age. Note that the disp uncer layers have 3-channel outputs that
contain Dt, Ds

t and Σt.

PoseNet
layer k s chns scale input activation
conv1 3 2 16 2 It±1,It ReLU
conv2 3 2 32 4 conv1 ReLU
conv3 3 2 64 8 conv2 ReLU
conv4 3 2 128 16 conv3 ReLU
conv5 3 2 256 32 conv4 ReLU
conv6 3 2 512 64 conv5 ReLU
conv7 3 2 1024 128 conv6 ReLU
avg pool - - 1024 - conv7 -
pose 1 1 6 - avg pool -
a 1 1 1 - avg pool Softplus
b 1 1 1 - avg pool TanH

Table 2: Network architecture of PoseNet. Except for the global
average pooling layer (avg pool), all layers are convolutional lay-
ers with k the kernel size, s the stride, chns the channels and scale
the downscaling factor relative to the input image.

C. Factor Graph of Front-end Tracking

In Figure 1, we show the visualization of the factor
graphs created for the front-end tracking in D3VO. The non-
keyframes are tracked with respect to the reference frame,
which is the latest keyframe in the optimization window
with direct image alignment. With the predicted relative
poses from PoseNet, we also add a prior factor between the
consecutive frames. When the new non-keyframe comes,
the oldest non-keyframe in the factor graph is marginalized.
The figure shows the status of the factor graph for the first
(It), second (It+1) and third non-keyframe (It+2) comes.
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Figure 1: Visualization of the factor graph created for the front-
end tracking in D3VO. From left to right are the factor graph when
the first (It), second (It+1) and third (It+2) frame comes after the
newest keyframe, which is the reference frame for the front-end
tracking, is added to the optimization window. The predicted rela-
tive poses from the proposed PoseNet is used as the prior between
the consecutive frames.

avg photometric error
w/o ab 0.10
w/ ab 0.03
w/ ab (LS) 0.07

Table 3: Average photometric errors on V2 03 difficult. We
project the visible 3D points with ground-truth depth of the left
images onto the corresponding right images fo the stereo pairs,
and then calculate the absolute photometric errors. Note that the
intensity values are normalized to [0, 1]. The results show that
by transforming the left images with the predicted ab, the average
photometric error is largely decreased.

D. Additional Experiments on Brightness Parame-
ters

In our main paper, we have shown that the predictive
brightness parameters effectively improve the depth estima-
tion accuracy, especially on EuRoC MAV where the illumi-
nation change is quite strong. To further validate the cor-
rectness of the predicted brightness parameters, we mea-
sure the photometric errors when projecting the pixels from
the source images to the next consecutive images using the
ground-truth depth and poses in V2 03 difficult. An exam-
ple of the ground-truth depth is shown in Figure 2 for which
we use the code from the authors of [28]. We first calcu-
late the photometric errors using the original image pairs
and then calculate the absolute photometric errors by trans-
forming the left images with the predicted parameters from
PoseNet. We also implemented a simple baseline method
to estimate the affine brightness parameters by solving lin-
ear least squares (LS). We formulated the normal equation
with the dense optical flow method [20] implemented in
OpenCV [4]. As shown in Table 3, the average photometric
error is decreased by a large margin when the affine bright-
ness transformation is performed and the predicted param-
eters from PoseNet are better than the ones estimated from
LS. We show more examples of the affine brightness trans-
formation in Figure 4.

Figure 2: An example of the ground-truth depth map of
V2 03 difficult in EuRoC MAV.

01 02 06 08 09 10 mean
ORB2 [53] 21.4 15.0 3.52 11.1 6.34 5.25 10.4
S. DSO [74] 26.5 16.4 3.11 11.0 9.39 3.11 11.6
D3VO 26.9 10.4 2.92 12.7 5.30 2.44 10.1
ORB2 [53] 9.95 9.55 2.45 3.75 3.07 0.99 4.96
S. DSO [74] 5.08 7.82 1.93 3.02 4.31 0.84 3.83
D3VO 1.73 5.43 1.69 3.53 2.68 0.87 2.65

Table 4: Absolute translational error (ATE) as RMSE on KITTI.
The upper part and the lower part show the results w/o and w/
SE(3) alignment, respectively. Note that ATE is very sensitive to
the error occurs at one specific time [84].
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Figure 3: Trajectories on KITTI 01 to compare between w/o and
w/ SE(3) alignment for the ATE evaluation. The upper part of the
figure shows the trajectories on the x-z plane and the lower part
shows the trajectories on the x-y plane. We can see that less ac-
curate pose estimations for the initial frames may result in a large
overall ATE, if no SE(3) alignment is performed.

E. Absolute Translational Error on KITTI

The evaluation metrics proposed with the KITTI bench-
mark [25] measures the relative pose accuracy. It is im-
portant to measure the global consistency of the pose esti-
mations. Therefore, we also show the absolute translational
error (ATE) as RMSE in Table 4 where the upper part shows
the evaluation results without the SE(3) alignment and the
lower part shows the results with the SE(3) alignment. For
some sequences, e.g., KITTI 01, the ATE without SE(3)
alignment is very large, while the ATE with SE(3) align-
ment dramatically decreases. The trajectories on KITTI 01
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Figure 4: Examples of affine brightness transformation in
V2 03 difficult from EuRoC MAV.

are shown in Figure. 3 where we can see that the less accu-
rate pose estimations for the initial frames may result in a
large overall ATE.

F. Cityscapes

Figure 5 shows the results on the Cityscapes dataset [8]
with our model trained on KITTI. The results show the gen-
eralization capability of our network on both depth and un-
certainty prediction. In particular, the network can gen-
eralize to predict high uncertainties on reflectance, object
boundaries, high-frequency areas, and moving objects.

Figure 5: Results on Cityscapes with the model trained on KITTI.
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