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Abstract—Deep learning algorithms such as Convolutional
Neural Networks (CNNs) are currently used to solve a range
of robotics and computer vision problems. These networks
typically estimate the desired representation in a single forward
pass and must therefore learn to converge from a wide range
of initial conditions to a precise result. This is challenging, and
has led to increased interest in the development of separate
refinement modules which learn to improve a given initial
estimate, thus reducing the required search space. Such modules
are usually developed ad-hoc for each given application. In
this work we propose a generic innovation-based CNN. Our
CNN is implemented along with a stochastic gradient descent
(SGD) algorithm to iteratively refine a given initial estimate.
The proposed approach provides a general framework for the
development of refinement modules applicable to a wide range
of robotics problems. We apply this framework to object pose
estimation and depth estimation and demonstrate significant
improvement over the initial estimates, in the range of 4.2 -
8.1%, for both applications.

I. INTRODUCTION

Using a CNN to solve an image-based computer vi-
sion or robotics problem has become common in recent
decades. Such problems often involve estimating a desired
representation from a single RGB image. This approach is
attractive as it allows use of a single monocular camera,
rather than multiple cameras, stereo cameras, or other active
sensors, all of which add weight and complexity to the
vision system [37], [11]. However, estimation from a single
image is challenging, and solutions often require additional
refinement to obtain the desired accuracy. Two single image-
based robotic vision problems for which ad-hoc refinement
networks have been developed are object pose estimation
[27], [41] and depth estimation [7].

Object pose estimation involves estimating the 6D pose
(translation and orientation) of a specified object relative to
the camera pose. This has a range of applications including
robotic manipulation/grasping [5] and autonomous driving
[4]. Recent state-of-the-art RGB pose estimation algorithms
have regularly incorporated a separate refinement module
[20], [41], [27]. Likewise, refining an initial depth estimate is
also a popular problem, particularly when the initial estimate
is obtained from a single image [18], [13], [33]. Depth
estimation involves estimating a 1D per-pixel depth map, and
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(a) Pose Refinement (initial to refined).

(b) Depth Refinement (initial to refined).

Fig. 1: Applying the Innovation CNN to object pose estima-
tion and depth estimation. Left sub-figures show the initial
estimate, while right sub-figures show our result.

is a key requirement of applications including autonomous
driving [6], and agricultural robotics [22].

For both these problems the refinement network is often
developed as a separate network with an ad-hoc architecture
developed specifically for the given problem. Furthermore, it
is common for the refinement module to be applied multiple
times to improve the state estimate [27], [7].

In this paper, we draw from the established principles of
Stochastic Gradient Descent (SGD) and formulate a general
framework that can be applied to a range of robotics and
computer vision problems. We implement an iterative refine-
ment framework based on formal principles, thus easing the
requirement for the neural network to accurately estimate the
desired output in a single forward pass. Specifically, we take
a known network modify it to estimate a relative error, rather
than estimating the state directly. The output of the principle
network is used to drive an SGD update for the state estimate.
Motivated by filtering theory [19], [1] we label the relative
error the innovation and call our approach the Innovation
CNN. By formally recognising the role of the state estimate
and the SGD update term, we are able to employ existing
algorithms and insights on step size choice and convergence
analysis that have been developed for SGD (eg. using Wolfe



conditions to control the step size) [9].

A key challenge in the design of refinement networks is
the re-injection of the present estimate of state into the refine-
ment module. For example, in pose refinement the present
pose estimate is used to render a synthetic image that is then
fed in parallel with the original image into the network [27],
[41]. Our network architecture overcomes this difficulty by
including an additional autoencoder network implemented in
parallel with the principle network architecture, to encode
the state estimate and inject this information using skip
connections. This approach is general and can be applied to
a wide range of existing networks for varying applications.
In this work we apply our framework to two common robotic
vision problems; object pose and depth estimation.

We evaluate our object pose refinement on two
widely used benchmarks, LINEMOD [16] and Occlusion
LINEMOD [3]. Our approach leads to an average improve-
ment of 4.20% on LINEMOD and 8.12% on Occlusion
LINEMOD relative to the initial estimate, in terms of the
widely-used ADD(-S) metric. We further demonstrate that
our method is particularly effective at refining relatively
poor initial estimates. Specifically, we show relatively large
improvement on the more difficult Occlusion LINEMOD
dataset, along with particularly challenging objects of the
LINEMOD dataset, such as ape (21.14% improvement) and
duck (10.73% improvement) where the objects have poor
surface texture.

We evaluate our depth refinement on the NYU Depth V2
dataset [30]. Our approach obtains an average improvement
of 458% and 4.86% relative to the initial estimate, in
terms of the RMSE and AME metrics respectively. We
show that our method provides the greatest benefit to image
regions associated with edges, boundaries, and finer details.
An illustration of the refinement results achieved with the
Innovation CNN is provided in Fig. 1.

II. RELATED WORK

A. Pose Estimation & Refinement

Research related to single-image object pose estimation
can be sub-divided into four general areas: end-to-end re-
gression, pose classification, regression to an intermediate
representation, and pose refinement.

End-to-end pose regression from a single image is a highly
challenging task that is approached in PoseNet [21] by
separating and carefully balancing translation and rotation
terms in the loss function, although this is for camera
pose estimation, a slightly different problem. Similarly, [39]
decouple or ‘disentangle’ translation and rotation terms by
moving the centre of rotation to the centre of the object
and representing translation in 2D image space. Recently,
[15] achieved state-of-the-art via simultaneous regression to
object class, bounding box, rotation, and translation.

Pose classification typically involves discretising SO(3),
while the translation component is obtained via regression.
Kehl et al. [20] approach this problem by decomposing 6D
pose into viewpoint and discretised in-plane rotation.

A recent popular approach is to first regress to an interme-
diate representation such as keypoints, from which pose can
be obtained via 2D-3D correspondences and a PnP algorithm
[36], [32], [31], [40], [41], [28], [17]. Of these approaches,
some, including [36], [32] regress to a set of bounding box
corners, while others regress to vector fields [31], [34], [40],
or dense correspondences.

Of the networks discussed above, several have additional
refinement steps that can be added to improve results. For
example, DeepIM [27] is presented as a refinement step
for PoseCNN [39], while [29] is presented as a refinement
step for SSD6D [20], and DPOD [41] is presented along
with a refinement step. In each case a synthetic image of
the target object is rendered using the initial pose estimate
and a 3D model of the target object. The key difference
in these approaches is in the representation of the relative
pose. DeepIM [27] utilise an ‘untangled representation’ in
which the centre of the object is the centre of rotation, and
translation is estimated in pixel space. Manhardt et al. [29]
represent rotation as a unit quaternion and translation as a
vector. DPOD [41] combines these approaches by estimating
rotation relative to the object centre, and estimating transla-
tion as a vector. CosyPose [24] improve upon DeepIM by
utilising a more recent feature detection network, and by
estimating object poses in a multi-view scene.

B. Depth Estimation & Refinement

Research in monocular depth estimation can also be sub-
divided into three general areas: supervised estimation, semi-
supervised estimation, and depth refinement.

Supervised depth estimation requires use of a ground truth
depth map for network training, and is typically approached
as a dense regression task [8], [25], [26], [2], [38]. Recent
work in this area includes [10], which addresses the slow-
convergence and poor spatial resolution issues inherent in
some previous methods by implementing a deep ordinal re-
gression network along with a space-increasing discretisation
strategy. To enable wider application of depth estimation
techniques [37] proposes a lightweight network suitable for
embedded system applications.

Semi-supervised methods involve combining training data
that includes ground truth annotation with training data that
does not include ground truth information. Garg et al. [12]
approach this problem by training with image pairs with a
small, known displacement between images. The predicted
depth map is then inverse-warped using the known relative
displacement to reconstruct the second image. Similarly, [14]
uses the concept of training with an image pair along with
epipolar constraints to learn a disparity map between the
image pair from which a depth map can be obtained.

Similar to object pose estimation, depth estimation is not
always performed in a single step [7]. Recent approaches
that focus on depth refinement include [13], [7]. Gidaris
and Komodakis [13] approach depth-map improvement as a
multi-learning problem with three modules; error detection,
pixel-wise label replacement, and refinement. In contrast,



Durasov et al. [7] first learn a low resolution depth map
which is iteratively refined with high-level features.

III. THE INNOVATION CNN

In this section we present a formulation for a general
state estimation algorithm and apply this formulation to the
problems of object pose estimation and depth estimation.

A. State Estimation with an Innovation CNN

Motivated by filtering and optimisation principles [1],
we treat object pose and depth estimation as offline state
estimation tasks. In this context a stafe is an internal rep-
resentation of a system that is sufficient to fully define the
future evolution of all system variables. The most general
form of a state estimator can be written

X =£(V), (1)
y = h(X), )

where V is the input and, in the problems considered, the
estimator £ is implemented as a CNN that estimates the state
and the output function / estimates the variable of interest
¥, eg. object pose. Due to the nature of CNNs the state is
often a high dimensional regressor and the output function
is a critical component to generate the low dimensional
information typical in a robotics application.

The proposed approach involves taking the output state
from an existing application-specific estimator network and
iteratively refining this output using a state estimation frame-
work. The class of stochastic gradient descent algorithms
considered for refinement consist of a dynamical system
that takes measurements from the true system as inputs and
whose state converges to the true system state

X(t+1) = X(t) — A(t), 3)

y(t+1) = h(X(t+1)), €
where A(t) is the innovation term that is chosen so as to
drive the estimated outputs towards the true outputs. The task
then becomes to learn an appropriate A(t) at each time, such
that the error in the state estimation algorithm is iteratively
driven towards zero.
Consider the standard L2-norm loss function

1 -~
o(t) = S IX(t) — Xll2. ©)
The gradient of this function is
1 ~
VO(t) = 3 Vg IX () - X3
=X(t) - X, (6)

where X is the ground truth and Vx denotes the gradient
operator with respect to X. Set

A(t) = a(t)V(?), (7)

where «/(t) is a sequence of step-sizes that must be specified,
and
Vo(t) = F(V,X(t)),

is an estimate of V®(¢) that is generated by the output of
the Innovation CNN F, given both the present estimate of
state X (¢) and the inputs V (eg. an RGB image).

B. State Estimation for Object Pose and Depth Refinement

For object pose estimation we choose PVNet [31] to
be the baseline network that provides X (0). The output of
PVNet is a unit vector field, with vectors pointing from each
pixel to of a set of keypoints. The vectors are defined to be

n =" —¢&;, (8)

where &;; denotes a 2D pixel with coordinates (¢, j) within
an image Z with dimensions M x N, and ¢” represents the
pixel location of keypoint k¥ € K. The high dimensional
regressor ‘state’ is the collection of unit vector fields

k
o T
T gl
The function h maps this vector field representation of
keypoints to object pose via a RANSAC and uncertainty-
driven PnP framework (EPnP), as discussed in [31].
For depth estimation we choose FastDepth [37] to be
the baseline network that provides X(0). The output of
FastDepth is a 1D per-pixel depth map, defined as

€R2X)CX]\/[><N. (9)

X;; € RM*N, (10)
This depth map forms the state for the estimation problem
for depth refinement, and the function h is an identity
mapping as the output of the baseline network is the desired
representation. For simplicity, the state is represented by X
for both applications in the following sections.

C. Innovation CNN Framework

The Innovation CNN framework is developed to be appli-
cable to a range of applications that are typically approached
with an encoder-decoder network architecture. We begin by
taking two copies of the baseline encoder-decoder network,
eg. PVNet, FastDepth. We label the first network the Inno-
vation Estimator, and modify the loss function to Eq. (13).
We label the second network the Estimate Autoencoder, and
modify the loss function to Eq. (11). We adapt the input
later of the Estimate Autoencoder such that this network can
receive a state estimate. We connect the two networks via
skip connections to achieve the parallel network architecture
shown in Fig. 2. The Innovation Estimator receives an image
and returns an estimate of the gradient of the state V.
The Estimate Autoencoder receives a state X and returns
an estimate of the state X. The Estimate Autoencoder is an
auxiliary task aimed at allowing information from the state
estimate to be injected into the Innovation Estimator.

For object pose estimation the baseline network is PVNet
[31]. The input dimensionality of the Estimate Autoencoder
is modified to accept a vector field state estimate.

For depth estimation the baseline network is FastDepth
[37]. The input dimensionality of the Estimate Autoencoder
is modified to accept a depth map state estimate.
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Fig. 2: Network Architecture. The input image is passed to the Innovation Estimator (top block), which estimates ﬁ(t)
The current state estimate X(t) is passed to the State Autoencoder (bottom block). The output of the State Autoecoder is
X(t), which represents the same information as )A((t) Using V®(t) the state X* is updated via gradient descent (Eq. (7)).
Both encoders reduce input resolution to the same intermediate dimensionality (the ‘embedded representation’), and skip
connections are used to pass encoded state information to the Innovation Estimator.

D. Training Loss

The state loss is applied to the Estimate Autoencoder, and
is defined by

Lowe= Y [X(t)—

(i,7)€S

X ()|, (11)

where (i,7) € S indicates that the pixel is within the
segmentation mask. Note that for depth estimation the entire
image is considered to be within the segmentation mask. The
decoded state X represents the same information as X and
is used only for the purpose of training the autoencoder.

The state gradient loss is applied to the Innovation Esti-
mator, and is defined by

Limov = Y [|VO(t) = V()| (12)
(4,§)ES

= > Vel - (X)) -X)|.  (13)
(4,§)ES

The loss is backpropogated after each iteration of the gradient
descent defined by Eq. (7).
The loss function used to train the network is

L = Linnoy + 7£statea (14)

where v is a tuning parameter.

E. Implementation Details

For both applications the network is trained for 7' = 2
iterations of Eq. (7) at each epoch, with a constant step size
of a = 0.6.

For object pose estimation we use a pretrained PVNet
[31] to provide the initial estimate for each object. We
use a batch size of 64, and down-sample training images
by four to fit the learning algorithm on our machine. We
compute 8 keypoints via farthest point sampling, from which
object pose is obtained via uncertainty-driven PnP [31].
We also render 10,000 images and synthesis 10,000 images

for each object. We employ data augmentation in the form
of random cropping, resizing, rotation, colour jittering. An
Adam optimizer [23] is employed with an initial learning rate
of 1e~3, which is decayed to 1e~° by a factor of 0.85 every
10 epochs. The learning hyperparameter in Eq. (14) is set to
~ = 10. We train our network for 50 epochs. During testing,
we employ Hough voting to localise keypoints, before using
uncertainty-driven PnP to obtain object pose from keypoints.
We set the step size to v = 0.01 and perform iterations of
Eq. (6) until the estimate converges.

For depth estimation we use a pretrained FastDepth
network [37] to provide the initial estimate. We use a batch
size of 8, and a Stochastic Gradient Descent with Momentum
(SGDM) optimizer [35] is employed with a learning rate of
0.04, which is reduced by 10% every 5 epochs. A mask
is applied to filter out missing ground truth values in the
dataset. We train our model for 100 epochs. During testing,
we set the step size to a = 0.4 and perform iterations of Eq.
(6) until the estimate converges. For both applications we
consider the estimate to have converged once the gradient
output of our Innovation CNN approaches zero.

IV. EXPERIMENTS

In this section we conduct experiments on widely used
datasets for both object pose estimation and depth estimation
and evaluate against standard metrics.

A. Datasets

We conduct experiments on two popular datasets for object
pose estimation and one popular depth estimation dataset.

LINEMOD [16] is an object pose dataset consisting
of 15783 images of 13 objects, with approximately 1200
instances for each object.

Occlusion LINEMOD [3] is a subset of LINEMOD
images containing 8 objects, with each image containing
multiple annotated objects under severe occlusion, thus



presenting a more challenging scenario for accurate pose
estimation.

NYU Depth V2 [30] is a depth dataset that comprises
of video sequences from a variety of indoor scenes, with a
total of 1449 densely labeled pairs of aligned RGB and depth
images.

B. Evaluation Metrics

We evaluate our approach using a standard metric for
object pose estimation, and two standard metrics for depth
estimation.

The ADD metric [16] computes the average 3D distance
between the points of the 3D model under transformation
from the ground truth and estimated pose respectively. For
symmetric objects we use the similar ADD(-S) metric [39],
where the mean distance is computed based on the closest
point distance. We denote both metric as ADD(-S) and use
the one appropriate to the object. A pose is considered correct
if the average distance is less than 10% of the 3D model
diameter. The reported metric is the percentage of poses that
are considered correct.

Root Mean Squared Error (RMSE) is the most com-
monly used metric for evaluating depth estimation perfor-
mance. RMSE computes the square root of the average of
squared errors.

Mean Absolute Error (MAE) is another popular metric
for depth estimation, that computes the average of the
absolute errors.

We propose an additional metric, dubbed the State Dis-
tance (SD), designed to quantify the difference between the
estimated and ground truth state. This is used to provide an
indication of whether the state estimate X is converging to
the true state X. This metric is defined by

D= 3 IK() - X,

(i,.5)€S

(15)

where s is the number of pixels within the segmentation
mask. We make use of this metric in Fig. 6.

C. Comparison to Baseline Methods

Object pose estimation results in terms of the ADD(-S)
metric on the LINEMOD and Occlusion LINEMOD datasets
are presented in Table I. Depth estimation results in terms of
the RMSE and MAE metrics on the NYU Depth V2 dataset
are presented in Table II.

Our network generates estimates that lead to a higher
average performance on both applications, compared to the
baseline networks. Specifically, for object pose estimation
we achieve a performance increase of 4.20% and 8.12%
respectively compared to the performance of the baseline
network, in terms of the ADD(-S) metric.

TABLE I: Performance comparison on the LINEMOD and
Occlusion LINEMOD datasets in terms of the ADD(-S)
metric.

LINEMOD Occlusion LINEMOD
Baseline Ours | Baseline Ours
ape 43.62 64.76 15.81 26.41
benchvise 99.90 99.90
cam 86.86 92.58
can 95.47 96.56 63.30 61.31
cat 79.34 82.83 16.68 19.88
driller 96.43 97.52 65.65 70.10
duck 52.58 63.31 25.42 31.99
eggbox 99.15 99.32 50.17 49.44
glue 95.66 96.91 49.62 51.16
holepuncher 81.92 82.20 39.67 42.34
iron 98.88 99.31
lamp 99.33 99.42
phone 92.41 94.22
average 86.27 89.92 40.77 44.08

TABLE II: Performance comparison on the NYU Depth V2
dataset.

RMSE | MAE |
0.5868 0.4338
0.5599 0.4127

Baseline
Ours

Fig. 3: Iterative pose refinement on example objects in the
Occlusion LINEMOD dataset. The initial pose estimate is
shown in the left (t = 0), and the final pose estimate is
shown on the right (¢ = T'), with equidistant intermediate
poses shown in-between. Green bounding boxes represent
ground truth poses and blue boxes represent our results.



(b) () (d)
Fig. 4: Visualisation of example depth map. (a) input image,
(b) ground truth, (c) baseline model, (d) our result.

(a) (b) (c)

Fig. 5: Visualisation of example depth point cloud. (a) ground
truth, (b) baseline model, (c) our result.

We record the largest improvement for objects for which
the baseline network provides a relatively poor initial esti-
mate. Such objects include the relatively texture-less ‘ape’
and ‘duck’ and all objects in the Occlusion LINEMOD
dataset. On the ape and duck objects we improve baseline
estimates by 21.14% and 10.73% respectively in terms of
the ADD(-S) metric.

For depth estimation we achieve a performance increase of
4.58% and 4.86% in terms of the RMSE and MAE metrics
respectively, relative to the baseline network. Qualitative
results in Fig. 4 and Fig. 5 indicate that our framework is
particularly effective at improving depth estimates at object
edges and finer details such as chair legs.

Fig. 6 illustrates the iterative improvement and conver-
gence of the state distance SD obtained for both applications.
In this figure, the ADD(-S), RMSE, and SD metrics are

plotted as a function of the interpolation distance,
p=at)T. (16)

The interpolation distance quantifies how far we have iterated
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Fig. 6: Iterative improvement on the ADD(-S) and RMSE
metrics and corresponding percentage decrease in the State
Distance (SD) for object pose and depth refinement respec-
tively, plotted against the interpolation distance p (Eq. (16)).

from the initial estimate. This figure indicates that the
iterative stochastic gradient descent acts as expected to refine
the state estimate and converge to a local minima (right-
hand ‘SD’ plots). The primary metrics, ADD(-S) and RMSE,
for the two problems are also shown to be optimised with
the state convergence (left-hand plots). In this figure the
step size «(t) was chosen smaller than was used to obtain
the experimental results in order to visualise the evolution
of the state distance and application-specific metrics. For
experiments undertaken the same overall behaviour was
obtained in two or three steps of the stochastic gradient
descent with a larger a(t).

V. CONCLUSIONS

In this paper we present a general framework capable
of improving initial estimates in multiple applications. The
framework can be implemented for a given application by
taking a baseline network developed for the task and adapting
the network architecture and loss function, and reinjecting
previous state information. The framework estimates the
gradient from an initial state prediction to the true state.
This gradient is applied iteratively in an SGD framework,
greatly reducing the difficulty of estimating a state in a
single forward pass. Experiments on widely used datasets
demonstrate that we improve initial estimates significantly
for object pose estimation and depth estimation.
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