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EFFICIENT FEATURE DESCRIPTION FOR SMALL BODY
RELATIVE NAVIGATION USING BINARY CONVOLUTIONAL
NEURAL NETWORKS

Travis Driver® and Panagiotis Tsiotras’

Missions to small celestial bodies rely heavily on optical feature tracking for char-
acterization of and relative navigation around the target body. While techniques
for feature tracking based on deep learning are a promising alternative to cur-
rent human-in-the-loop processes, designing deep architectures that can operate
onboard spacecraft is challenging due to onboard computational and memory con-
straints. This paper introduces a novel deep local feature description architecture
that leverages binary convolutional neural network layers to significantly reduce
computational and memory requirements. We train and test our model on real im-
ages of small bodies from legacy and ongoing missions and demonstrate increased
performance relative to traditional handcrafted methods.

INTRODUCTION

Feature tracking is an integral component of current small body shape reconstruction and relative
navigation approaches. The current state-of-the-practice for small body feature tracking leverages
high-fidelity digital terrain maps (DTMs) of salient surface regions as local feature representations,
which require extensive human involvement and mission operations planning for accurate construc-
tion.""? Autonomous keypoint detection and feature description methods based on deep convolu-
tional neural networks (CNNs) are a promising alternative to the current human-in-the-loop ap-
proach,? but the inherent computational overhead of deep architectures makes their implementation
onboard spacecraft challenging.

Binary convolutional neural networks (BNNs) are a promising technology for enabling deep
learning onboard future robotic spacecraft. BNNs represent weights and activations with 1 bit and
use bitwise operations to perform cross-correlation, leading to significant computational, memory,
and energy savings. Indeed, binary convolutions have been shown to be almost 60x faster while
using less than 1% of the energy compared to 32-bit convolutions on FPGAs and ASICs.* While
BNNs have traditionally led to significant performance degradation, recent work has demonstrated
impressive performance on image classification by maximizing information entropy and minimiz-
ing quantization error within the BNN layers.> Therefore, we propose a novel and efficient feature
description architecture with BNN layers for deep feature tracking onboard spacecraft.
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PROPOSED APPROACH

We propose a novel local feature description architecture that leverages BNN layers to efficiently
and reliably describe extracted image patches. Our model is trained on real imagery acquired during
legacy and ongoing missions to small bodies.

Binary Convolutional Neural Networks

The main operation in CNNs can be formulated as

z=w'a, (1)
where w and a are the weight tensor and the input activation tensor from the previous layer, re-
spectively. BNNs represent the weights and activations as 1-bit binary values for more efficient
computation and storage. In general, binary network quantization can be formulated as

z = QW(W)TQa(a) = CVﬂ(bw O] ba); 2)

where by, b, € {1, +1}¢ are the quantized 1-bit weights and activations, respectively, with cor-
responding scalars « and 3, and ® denotes the inner product with bitwise operations XNOR and
bitcount. The quantization function Q is typically taken to be the sign function:

Q(x):{+1 ifx >0 3

—1 otherwise

We leverage IR-Net® layers for binary quantization, which implement a stochastic quantization
method to reduce information loss and quantization error from the forward sign operator and an
incremental function approximation for the backward gradient. Specifically, the stochastic binariza-
tion method models each element b in the quantized weights by, as a Bernoulli random variable with

parameter p:
P ifb=+1
b;p) = . 4
f(b;p) {l—p b 1 )

Therefore, the information entropy of the quantized elements is maximized with p = 0.5, which is

enforced via weight standardization:’
. WL
W = ; (%)
g

where 1 and o are the mean and standard deviation of the filter weights w. Additionally, an integer
bit-shift value s € Z is introduced to minimize the quantization error between the full-precision and
binary weights, i.e.,
s* 1= arg min ||W — Qu (W) <> s||%, (6)
S

where <> is the left (s > 0) or right (s < 0) bit-shift operator. Taking QW(W) := sign(w)
gives’
s* = round(logy(|W|l1 /dim(W))). )

Finally, weight and activation binarization for the forward step is given by

by = Qw(W) = sign(w) <> s,
by = Qala) = sign(a),



resulting in activations z of the form
z=(by ®b,) <> s. (8)

Next, the discontinuity due to the sign operation in the forward step is approximated during back-
propagation by’
9tk (x) = ktanh(tz), ©)

where k and ¢ are control variables that are incrementally adjusted during the training process:
t = Topi 107 08 (Tnax/Tin) -} .— max (1/t, 1), (10)

where ¢ is the current epoch, n is the total number of epochs, and T},;, and T},,.« are taken to be 0.1
and 10, respectively.

Network Architecture

Keypoint detection and feature description methods operate by computing keypoints which local-
ize salient regions in the image and descriptors which form a latent representation of the local image
data at detected keypoints, where the descriptor typically takes the form of a d-dimensional vector.
Feature tracking is conducted by matching features between frames with respect to the Euclidean
distance between their corresponding descriptors. We leverage the detect-then-describe paradigm
whereby patches are first extracted using a handcrafted keypoint detection scheme and then de-
scribed by passing the patches through the description network. This is in contrast to the detect-
and-describe paradigm whereby the network takes in the full image and outputs dense saliency and
descriptor maps that cover the entire image.> The detect-then-describe paradigm is leveraged for
two main reasons: description is only conducted on regions centered around detected keypoints, thus
reducing unnecessary computations, and multiscale detection can be conducted without performing
the expensive description step.

We leverage the detection scheme of SIFT® for patch extraction. SIFT keypoints are extracted
from local extrema of the saliency map derived by convolving the difference of Gaussians (DoG)
kernel with the input image, as the DoG function provides a close approximation to the scale-
normalized Laplacian of Gaussian function which has been shown to be scale invariant.” We also
plan on experimenting with other more efficient detection methods such as FAST® and CenSurE.’
We use HyNet'? as our base description architecture, which consists of seven convolutional layers
and outputs d-dimensional descriptors. Each convolutional layer except the last one before the
final Batch Normalisation (BN) layer is followed by Filter Response Normalization (FRN) and a
Thresholded Linear Unit (TLU)!'! activation layer. We replace all full-precision CNN layers except
the first and last with the binary IR-Net layers. The full architecture is illustrated in Figure 1.

Moreover, the hybrid loss proposed by Tian et al.! is used to learn discriminative local feature

descriptors. Consider correspondences M := {(k,7(k)) | 7 : K <> K'} between descriptors
{di}rex and {d}, } k. First, a regularization term is used to account for varying descriptor
magnitudes before the final Lo normalisation step:

1
Ris = 5 ST (el = Il (11)

(k.Y eEM

where x;, and x}, are the corresponding descriptors before the final normalization step. Next, a
triplet margin ranking loss that considers both the inner product and L4 distance between descriptors
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Figure 1: Feature extraction architecture.

is used, which has been shown to allow for more balanced gradient updates between positive and

negative pairs:'”
1 —
Luplet = T > max(0,m+ sy (dy,dyy) — sp(dy,dy)), (12)
(k,k")eM
1
su(d,d) = = (a(1 —d'd)+|d-d), (13)

where d, d;; is the hardest negative sample for the pair di, d},, i.e.,

PR O A R R P ] .
ok dy,d)’ otherwise 7

d) := argmin ||d; — d},||, d}y := argmin ||d;, — d}/||, (15)
1LI#k dj, V#k
m is the margin between the positive and negative samples, o € R adjusts the ratio between s and
d, and Z ensures the gradient has a maximum magnitude of 1. The hyperparameters m and « are
empirically set to 1.2 and 2, respectively. Finally, the overall loss function is defined as

L= »Ctriplet + VRLza (16)
where + is a regularization parameter which we set to v = 0.1.

Dataset Generation

We leverage the AstroVision dataset? to build a patch dataset for training and testing. Specifically,
SIFT keypoints are extracted from randomly sampled image pairs and ground truth correspondences
are estimated by projecting each keypoint from one image to the other using the ground truth poses
and depth maps. A correspondence is taken to be valid if the projected keypoint falls within 3 pixels
of the matched keypoint in the other image, and a bijective check is performed to ensure one-to-one
correspondences, as in Ebel et al.!? Finally, patches are extracted by sampling a square region of
length 167 around each keypoint, where 7 is the SIFT scale estimate. This process was conducted
for the Dawn @ 1 Ceres, Dawn @ 4 Vesta, OSIRIS-REx @ 101955 Bennu, and Rosetta @ 67P
AstroVision datasets to build corresponding patch datasets. Patches from each of the datasets are
provided in Figure 2.
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Figure 2: Example patch mosaics.

RESULTS

As in previous works on feature description,'®!% 13 we evaluate the performance of our network

on patch matching using the popular false positive rate at 95% true positive recall (FPR95) metric,
i.e., the ratio of negative descriptor pairs whose distance is within the distance threshold for 95%
recall of the true positive pairs. Therefore, a low FPR95 value indicates that the network is able to
reliably discriminate between positive and negative descriptor pairs, which is essential for robust
matching between images. We also provide the number of millions of floating point operations



(MFLOPs) for computing a single patch descriptor as a metric for computational efficiency”. The
network is trained on one dataset and tested on the remaining three, as in the seminal UBC bench-
mark.!? The results provided in Table 1 demonstrate that the network with BNN layers, referred to
as HyNet-B, is able to significantly outperform the handcrafted descriptors computed by SIFT, as
the HyNet-B descriptors achieve a significantly lower FPR95 value. Moreover, HyNet-B achieves
comparable performance to its full-precision counterpart while requiring ~20x fewer FLOPs. We
also modified the network to output a binary descriptor of length 256, denoted by d = 256, 1/0
in Table 1, which allows for efficient matching via the Hamming distance.'® The learned binary
descriptors outperform the full-precision descriptors of SIFT while having a significantly smaller
memory footprint.

Table 1: Patch matching performance on the AstroVision dataset. Performance is measured
with respect to the false positive rate at 95% true positive recall (FPR95). We also provide the
number of millions of floating point operations (MFLOPs) for computing a single patch descriptor
as a metric for computational efficiency.

Train Bennu Ceres Vesta 67P Ceres Vesta 67P Bennu Vesta 67P Bennu Ceres ‘
Test 67P Bennu Ceres Vesta ‘ MFLOPs
SIFT (d = 128) 71.6 76.83 69.29 73.26 —
HyNet (d = 128) 1.50 0.78 0.70  20.00 15.54 1537 021 0.31 0.01 0.43 1.49 0.01 39.67
HyNet-B
d=128 3.70 2.65 2.14 3447 2726  30.78 1.40 1.89 0.04 525 9.55 0.98 2.51
d=256,1/0 8.96 6.37 6.30  47.76 38.99 4656 597 3.92 1.00 644 16.32 6.57 3.56
CONCLUSION

In this paper, we presented a novel deep local feature description architecture that leverages BNN
layers to significantly reduce the computational requirements of the model. The model was validated
on real remote imagery of small bodies and demonstrated significant performance increases with
respect to handcrafted feature description methods. We believe our network could viably operate on-
board spacecraft equipped with the next generation space processor,!” which is projected to handle
32 GFLOPs per second,'® well above the theoretical computational requirements of our model. Be-
fore the final manuscript submission, we plan on adding an experiment for image-to-image matching
using the AstroVision® benchmarking suite and implementing our models on flight-relevant hard-
ware.
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