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Abstract— This paper presents a unified 6-D vision processor
that enables dense real-time 3-D depth and 3-D motion perception
at full-high-definition (1920 x 1080, FHD) resolution. The pro-
posed design implements a neighbor-guided semi-global matching
(NG-SGM) algorithm to unify the stereo depth and optical flow
matching problem and to reduce computation by 98% compared
with the original SGM. We introduce a new custom-designed,
high-bandwidth coalescing crossbar circuit that automatically
coalesces redundant memory accesses to mitigate the highly
irregular memory accesses observed in NG-SGM. The proposed
6-D vision processor also maximizes on-chip memory reuse by
using 64 on-chip rotating image buffers that cover a wide optical
flow and depth disparity search range of 176 pixels per dimen-
sion. The processor implements massive parallel processing with
576 compute units that are deeply pipelined with a dependency-
resolving skewed-diagonal scan to hide the dynamic and variable
dependency in the pipeline. The fabricated processor performs
dense NG-SGM at 25 frames/s for optical flow or 30 frames/s for
stereo depth at FHD resolution while consuming only 760 mW
in 28-nm CMOS.

Index Terms—6-D vision, crossbar, optical flow, semi-global
matching (SGM), stereo.

I. INTRODUCTION

HE 6-D perception combines 3-D coordinate (stereo

depth) and 3-D motion (optical flow) and is fundamental
to autonomous navigation of micro aerial vehicles (MAVs),
robots, and self-driving cars (Fig. 1). Real-time accurate and
dense perception of 3-D coordinates and apparent motion
serves as a kernel function in simultaneous localization and
mapping (SLAM), scene understanding/reconstruction, object
tracking, and obstacle avoidance. A broad range of applica-
tions, including autonomous navigation of MAVs, requires the
depth and optical flow perception to be high resolution [e.g.,
dense full-high definition (FHD)], accurate, wide range, low
cost, and real time with a high frame rate (e.g., >20 frames/s).
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Fig. 1. Optical flow and depth estimation on autonomous MAVs.

Moreover, emerging miniaturized MAV applications impose
additional stringent “SWaP” (size, weight, and power) [1] con-
straints; for example <50 cm3, <50 g, and <1 W. Although
LIDAR [2] systems are widely used in autonomous systems
and can provide accurate 3-D depth, they cannot capture the
motion information of objects in the scene. Moreover, LIDAR
systems are difficult to miniaturize and do not produce dense
results in high resolution. To supplement or replace LIDAR,
camera and vision-based techniques have been widely investi-
gated [3]-[9]. However, the high computational complexity of
vision processing (especially optical flow) has been a major
challenge for wide adoption on low-power and low-cost appli-
cations. To address this technology need, we introduce a new
6-D vision processor that, to our best knowledge, demonstrates
for the first time real-time dense depth and optical flow
computation with <1-W power consumption at FHD. This
power budget does not impose significant overhead to the
overall system that typically includes cameras (~118.5 mW
each) [11], a mobile application processor (~2 W) [11], and
neuronal network accelerator (~450 mW) [12].

With stereo cameras, the 3-D depth of a pixel in the
left image is inversely proportional to the horizontal 1-D
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Fig. 2.  Comparison between local matching and SGM matching. (a) Input.
(b) Local matching. (¢) NG-SGM.

displacement between the pixel and its matching pixel on the
epipolar line of the right image [12] (Fig. 1, top right). The
3-D motion of a pixel in the current image is proportional
to the 2-D displacement between the pixel and its matching
pixel in the next frame [13] (Fig. 1, bottom right). Unlike
stereo depth, optical flow requires a 2-D search to find the
correspondence match as a projected point can move both in
horizontal and vertical directions on the 2-D image [14]. In this
paper, we combine the stereo depth and optical flow problems
as 1-D and 2-D matching problems under the same semi-
global matching (SGM framework) between images pairs.
The complexity of the search problem quadratically increases
as the search dimension increases from 1-D (depth) to 2-D
(optical flow). To maintain similar complexity between depth
and optical flow for a unified architecture, we adopt neighbor-
guided (NG) SGM [15], [16] whose complexity is essentially
independent of the displacement correspondence pixel search
range.

Although NG-SGM greatly reduces the complexity of stereo
depth and optical flow processing compared to the original
SGM, it still poses large implementation challenges for real-
time FHD processing. First, it requires very high memory
bandwidth of about 2.6 Tb/s with highly irregular access
patterns because of the dynamic search space pruning of
the NG-SGM algorithm. Second, NG-SGM involves a large
memory footprint of about 4 MB to enable a wide-range
2-D search for optical flow. Third, the variable-latency data
dependency from neighboring pixels makes the control of
pipelined massive parallel processing more challenging.

In this paper (published in part at the 2018 VLSI Sympo-
sium [17]), we first study the computation, memory, and band-
width bottlenecks of the NG-SGM algorithm and propose an
algorithm, architecture, and circuit-level co-optimized design
that significantly reduce the hardware cost. We also show that
all hardware-enabling algorithm modifications result in negli-
gible accuracy degradation. To mitigate irregular and redun-
dant memory access patterns in NG-SGM, we introduce a new
custom-designed 16 x 16 mesh, high bandwidth (128 b/access
and 4.08 Tb/s peak), two-cycle pipelined coalescing crossbar
with built-in memory access merging at each crosspoint.
These coalescing crossbars are tightly integrated with 64 on-
chip rotating buffers to maximize on-chip memory reuse for
a wide 2-D search range. In addition, a deeply pipelined
hardware architecture with a skewed-diagonal image scanning
stride efficiently resolves the variable length inter-pixel depen-
dency, significantly reducing the critical path for more aggres-
sive clock frequency and voltage scaling. The fabricated chip
employs two standard USB3.0-compliant interfaces, allowing
effortless integration with a wide range of commercial off-the-
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shelf stereo cameras and general purpose mobile application
processors. The chip supports a wide search range of 176 x
176 pixels to enable dense optical flow or stereo depth on
FHD image pairs with real-time 25/30 frames/s (flow/depth)
throughput, consuming only 760 mW in 28-nm CMOS.

II. OVERVIEW OF THE 6-D VISION ALGORITHM

The 3-D depth of a point is inversely proportional to the
horizontal “spatial” displacement of that point between the
left and right camera image frames taken at the same time.
The optical flow of a point, on the other hand, is obtained by
the “temporal”” displacement between the previous and current
frames from the same camera as depicted in Fig. 1. The 3-D
motion of the object is proportional to the optical flow and
inversely proportional to its depth. By combining 3-D depth
and 3-D motion, 6-D perception can be constructed [18].

A. Local Matching Algorithm

The census transform [19] is widely used for evaluating the
correspondence between pixels. The N x N census transform
converts each pixel to a bit stream of length N>—1 to represent
the intensity comparison between the center pixel and its
surrounding N?>—1 pixels. The Hamming distance between
two census transformed pixels is the pixel correspondence.
This is typically referred as the “local” matching cost because
the matching of each pixel pair can be evaluated independently
using only local pixels. In local approaches, the matching
position is obtained by selecting the pixel with the minimum
local cost. This can be generalized to a 1-D search for stereo
matching and 2-D search for optical flow as shown in Fig. 1.

Local approaches, in general, are unreliable [20] since they
often fail to resolve ambiguities in many challenging scenarios
such as occlusions, texture-less regions, transparency, and
repetitive patterns where “global” contexts are required to
find the proper match. For example, the pixels of the wall
on the right in Fig. 2 are saturated and texture-less due to
strong illumination. The local approach applied to this region
is mostly incorrect as shown in Fig. 2 because many pixels
have the identical matching cost.

B. Semi-Global Matching Algorithms

To overcome the limitation of local approaches, various
(semi-)global methods [21]-[24] have been investigated. In
these global algorithms, each pixel (semi-)globally aggregates
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Fig. 4. Data path of the proposed NG-SGM 6-D vision algorithm.

information from neighboring pixels to enhance the correspon-
dence matching accuracy. SGM, introduced in [22], is favored
for its robustness and high accuracy under various scenarios
including industrial standard benchmarks such as KITTI [3].
Fig. 2(b) and (c) visualizes the output difference between
local matching and SGM, clearly showing the higher quality
obtained with SGM. In [25] and [26], a low-power application-
specified integrated circuit (ASIC) implementation for real-
time SGM stereo depth processing was demonstrated with
877-mW power consumption at 30-frames/s FHD. However,
the direct application of SGM on optical flow [27] quickly
becomes impractical, even for a moderate 2-D search range.
SGM for optical flow with a 176 x 176 pixel search range (our
design target) requires evaluating >30 K candidates per pixel
and performing semi-global aggregation on each candidate.
This translates to > 100 TOP/s and more than 120-MB memory
for 30-frames/s FHD processing.

To make SGM feasible for low-power real-time optical flow,
we recently proposed Neighbor-Guided Semi-Global Matching
Flow (NG-fSGM) [15], [16] as a variant of SGM for optical
flow to perform aggressive NG search candidate pruning to
avoid quadratic complexity increase proportional to the search
range. In NG-SGM [15], [16], the search candidates are guided
by the optical flow vectors of neighboring pixels (Fig. 3, “A”s
are the best candidates of the neighbor, and “B”’s are additional
candidates adjacent to an “A”). In addition, to improve the
neighbor guidance on where flow discontinuity occurs, it adds
a few random candidates marked as “C” to augment the search
space (Fig. 3). Including these random candidates significantly
improve algorithm reliability (outlier percentage reduced from
13.2% to 3.7% for the Middlebury [28] benchmark). Newly
found good candidates will propagate to neighboring pixels
through forward and backward iterations. Bad candidates will
be quickly discarded in the SGM aggregation process. NG-
SGM eliminates 98% of the candidates without incurring sig-
nificant accuracy degradation [29] (outlier percentage changes
from 4.54% to 3.70% for Middlebury, and from 10.74% to

Fig. 5. Eight-path aggregation of NG-SGM".
11.37% for KITTI). More in-depth quantitative evaluation of
NG-SGM can be found in [29].

NG-SGM realized on our 6-D vision processor involves five
steps (Fig. 4):

1) fetching, block-partitioning, and scheduled transfer of
image blocks;
aggressively pruned NG flow candidate search;
pixel-wise matching cost computation;
cost aggregation of the sparsely populated local cost
cuboid;
optical flow selection and guidance propagation to

neighbor pixels.
To compute the pixel-wise local matching cost, we selec-

tively apply a 9 x9 census transform on the matching candidate
pixel pairs. Each candidate pixel is transformed to a bit string
of the length 80. The local matching cost C (p, d) for a pixel at
the location p with the displacement vector d is evaluated by
the Hamming distance [30] between the census transformed
pixel pair at p and p —d on the current and target image pair,
respectively.

We repeat this operation on all candidates in the pruned
search space, constructing a cuboid that is sparsely populated
with local matching costs for each pixel as shown in Fig. 4.
Because of NG candidate pruning, there are at most 64 non-
zero costs per pixel in the 3-D cost cuboid. We then perform
SGM aggregation following equation (1) on matching costs
using four paths (rs) for the forward scan and another four
paths for the backward scan (Fig. 5). In total, NG-SGM

2)
3)
4)

5)
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aggregation is performed on eight paths for every pixel as
shown in Fig. 5

Lr(Pa d) = C(p,d) +min(Lr(p_rad)a Lr(p_rad_ 1)
+P15Lr(p_rsd+1)Plsm_in(P_r;i)+P2)
1
— rrgnLr(p —rk) (D

In (1), P; and P, are the constant penalties, and r stands
for different aggregation paths (there are eight rs, as shown
in Fig. 5). When the cost C(p, d) is unavailable for some
ds because of candidate pruning, it is replaced by max
{Lryrea (P, d)} + P>. Finally, for each pixel, we get a vector
of summated cost S(p,d) = >, L,(p, d).

The vector d with the minimum summated cost S(p, d) is
the final displacement (either optical flow or stereo disparity)
vector for the current pixel. At the same time, we also select
the best three candidates (marked as A in Fig. 3) for each
aggregation path and hand this information to neighboring
pixels to guide candidate pruning. The maximum number of
pruned candidates per pixel is 64, which consists of 3 (best
candidates from each path) x 4 (surrounding pixels for each
best candidate) x 5 (four paths per scan and the forward scan
result) 4+ four random candidates. Application of NG-SGM
for 1-D stereo depth matching has not been discussed in [15]
and [16], but it is straightforward.

III. ALGORITHM, ARCHITECTURE, AND CIRCUIT
IMPLEMENTATIONS

A. Interface and Architecture Overview

Fig. 6 shows the chip architecture and datapath overview.
On-chip control registers and 64 on-chip rotating input image
buffers are memory mapped and can be accessed with a
USB3.0 interface through an external USB-to-parallel con-
verter [31]. During operation, one 32-bit parallel interface
streams input images and processing instructions into the
chip, and the other 32-bit parallel interface streams the final
optical flow or depth disparity images off from the chip.
A streaming mode is supported so that the input—output images
are streamed on/off the chip continuously to maximize the
bandwidth of the interface. The block-partitioned previous (or

Elements used to
compute the
second minimum

‘ @0
Elements used to
® © ®

compute the third
minimum
Fig. 7.

Tree structured minimum selection unit.

left) and current (or right) frames for computing optical flow
(or stereo) are stored in 64 on-chip rotating image buffers
(20 Kb each, 1280 Kb in total). Optical flow and stereo
processing are performed concurrently when the input—output
image blocks are transferred to support real-time streaming
operation.

As the first step of NG-SGM, aggressively pruned matching
candidates are selected based on guidance from neighboring
pixels. Hamming distances of census transformed pixels at
<64 different sparse optical flow/disparity locations are then
compared in parallel. This produces 64 pixel-wise matching
costs C(p,d) for the 64 candidate ds. These pixel-wise
matching costs are all sent to four parallel aggregation units
for NG-SGM aggregation. Each aggregation unit is equipped
with a small 12-Kb buffer to aggregates 64 candidates for each
path in parallel. In each aggregation unit, the 64 candidates are
divided into 19 clusters (15 clusters guided by neighbors and 4
random candidates). Candidates in a NG cluster have at most
+1 displacement vector difference. To simplify evaluating (1),
only one candidate in that cluster is compared with the three
best displacement vectors of the previous neighboring pixel,
and P} and P> (penalties) are added to the aggregated cost
depending on the distance between the candidate and the
previous displacement vectors. The aggregated costs of the
remaining candidates in that cluster are directly obtained based
on the position of the evaluated candidate. This eliminates 75%
of redundant comparisons and saves ~68% power on cost
aggregation (1). Also, it helps parallelizing the aggregation
of four paths with 64 candidates per path to achieve higher
throughput and energy efficiency (Fig. 6).
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Each aggregation unit is then followed by tree-structured
selection units to identify the best three aggregated costs and
corresponding displacement vectors, ds, for each aggregation
path, while there are four paths for either forward or backward
propagation. As shown in Fig. 7, the top-1 minimum cost
is selected based on the comparison of a full-radix-2 tree.
The second minimum is selected among the (green) elements
that were compared and lost to the top-1 minimum. The third
minimum is selected among the (green and blue) elements
that were compared and lost to the top-1 and top-2 minimums.
This implementation saves 52% energy consumed in candidate
selection compared with implementing three full-radix-2 trees.
These path-wise optimal optical flows and costs are sent to
the next processing pixel to guide its search space pruning.
After the costs are aggregated on each path, aggregated costs
over four different paths are accumulated, resolving the sparse
overlap of candidates among multiple paths. Then, a tree
structured selection unit identifies the best three aggregated
costs and corresponding ds from the accumulated costs. These
three best aggregated costs for each pixel are stored in the
on-chip 96-kB result buffer. The processor first completes
these steps for each pixel following the skewed-diagonal
forward scan (discussed in Section III-C). The backward scan
is performed in a similar fashion but in the reverse order.
The aggregation results that are discarded (all except the three
best results) during the forward scan are replaced with the
maximum stored accumulated cost in the backward scan. The
final best candidates are selected based on the minimum cost
from the aggregation of eight paths. Finally, the selected d
vectors are stored in two interleaved output buffers.

B. Memory Architecture

Adopting the technique in [24], the processor only stores
the three best-accumulated costs for every pixel after the
forward scan, and then later combines the entry with the back-
ward scan results for the remaining four paths. Despite this
simplified two-scan approach, NG-SGM would still require
~13 MB of on-chip memory for the accumulated cost storage
to support FHD processing. To reduce the on-chip memory
requirement, eliminate the need of using external DRAM and
provide a single-chip solution, the proposed design uses block-
based processing to partition the input image into units of
88 x 88 pixel overlapping blocks. The inter-pixel correlation
in NG-SGM aggregation diminishes when pixel pairs are more
than 88 pixels apart [23]. As shown in Fig. 6 (top left), adjacent
blocks are overlapped by 24 pixels to allow cost aggregation
across block boundaries.
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Image buffering in on-chip memory is rather straightforward
in stereo depth computation [23], [24] because the matching
direction is 1-D unidirectional with respect to the current
processing pixel location. In contrast, optical flow processing
involves 2-D omnidirectional (around the current pixel) search,
incurring significant image buffering overhead for block-based
processing. The same image blocks are read multiple times to
evaluate 2-D displacement if a raster scan progression is used.
Therefore, we propose a rotating image buffer scheme, shown
in Fig. 8 that consists of 64 SRAMs to buffer 16 image blocks.
Each 88 x 88 pixel image block occupies four SRAM banks.
As shown in Fig. 8, the block processing follows the row-
alternating raster scan order where the two dark gray blocks
are fetched on-chip to replace black blocks while the chip
processes the red block. This approach maximizes on-chip
memory reuse and reduces interface bandwidth by 2x at the
cost of 28% larger on-chip memory.

Unlike stereo SGM [23], [24], computing census transform
for the entire image is wasteful as NG-SGM evaluates only
a small set of candidates. Thus, the proposed architecture
selectively computes 9 x 9 census transform only for sparse
matching candidates. Note that computing census for sparse
points on the fly does not necessarily lead to lower energy
consumption compared to full census computation for the
entire image because the latter can benefit from the deter-
ministic sliding window approach for the maximum memory
reuse [25]. However, when the density of the selected pixels is
low, as in NG-SGM, we have observed that on-the-fly census
computation is desirable despite the highly irregular memory
access pattern. As shown in Fig. 9, selectively computing
census transform on the fly is associated with 34% energy
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reduction and 10x memory reduction compared with precom-
puting census transform.

Although on-the-fly census transform significantly reduces
the memory bandwidth requirement, it still imposes a chal-
lenge because matching candidates are dynamically selected
depending on neighboring pixels’ guidance. Moreover, as each
census transform requires 9 x 9 pixel block accesses,
1824 pixel accesses are required to evaluate all candidates for
a single pixel. To reduce the number of memory word accesses
and improve access energy efficiency, we group 4 x 4 pixels
into a single-memory word as shown in Fig. 10. In addition,
we made a modification to NG-SGM so that the cluster of four
candidates consisting of one best candidate (red in Fig. 10 and
A in Fig. 3) and the surrounding adjacent candidates (blue
in Fig. 10 and B in Fig. 3) is always confined within the
4 x 4 pixel memory word block. This can be guaranteed by
adjusting the adjacent candidate locations based on the best
candidate position. With this approach, the memory access for
on-the-fly census computation is simplified, and exactly nine
memory word accesses are sufficient to fetch all the pixels
necessary to process the census transform of the cluster of
four NG candidates. The algorithm evaluation of NG-SGM
includes the impact of this modification, which turns out to
be negligible.

C. Pipelining Architecture

In the proposed highly parallelized cost aggregation, each
aggregation unit (one per aggregation path) has its own row
buffer, storing three minimum aggregated costs and their corre-
sponding displacement vectors from the previous pixel. During
each clock cycle, each aggregation unit aggregates costs over
64 sparsely scattered displacement vector locations and selects
the three best displacement vectors (per aggregation path) to
guide the NG-SGM search pruning of the next pixel. When
each pixel is processed in the raster scan order, it incurs severe
data dependency because neighbor guidance is only available
when all aggregation and best candidate selection of previous
pixels completes. Moreover, this severe inter-pixel dependency
issue is aggravated by variable processing latency in resolving
irregular (based on dynamic neighbor guidance) image buffer
memory access collisions.

This challenge is mitigated by adopting a dependency-
resolving and variable latency tolerant deeply pipelined archi-
tecture inspired by [25]. The forward and backward scan of
NG-SGM performs aggregation along four paths, indicated
by black arrows in Figs. 5 and 11. In the proposed pipeline

—> Datadependency Current pixel

Buffered [llFinished M Critical path

architecture, the pixel processing proceeds in a skewed-
diagonal fashion, as shown in Fig. 11, where the pixel process-
ing step is in alphabetical order. When “G” is fetched into
the pipeline, the aggregated costs of previous pixels (light
gray and dark gray) are already computed and stored in high-
bandwidth SRAMs. Consequently, the original single cycle
data dependency from the left adjacent pixel in the raster scan
processing extends to seven cycles in the proposed skewed-
diagonal scan. This significantly relaxes the critical path length
of the pipeline and provides slack for the variable latency of
candidate matching, cost aggregation, and the flow selection up
to the maximum of seven cycles to resolve inter-pixel depen-
dency. The proposed pipelining achieves a 3-ns critical path,
yielding a 4x performance gain compared with that of the
conventional raster scan. Moreover, because of the improved
throughput with deep pipelining, further energy reduction is
achieved via more aggressive voltage and frequency scaling.

D. Multiple Frequency and Voltage Processing

The proposed design is partitioned into three power and
frequency domains as shown in Fig. 6 to balance throughput
among different modules while improving energy efficiency.
Optical flow processing with the NG-SGM algorithm at
25-frames/s FHD requires 2.6-Tb/s irregular memory access
governed by NG search space pruning. These memory
accesses cannot be easily parallelized due to the dynamic and
data-dependent nature of the neighbor guidance. Meanwhile,
once the local matching costs are evaluated, cost aggrega-
tion and candidate selection over four paths can be highly
parallelized and processed at the same time. Based on this
inherent throughput mismatch, we partition the design into
three voltage—frequency domains shown in Fig. 6. The image
buffer access, census transform, and local cost generation
modules are placed in the high-voltage (up to 1.3 V) and
high-frequency (500 MHz) domain to provide 2.6-Tb/s mem-
ory access bandwidth and improve throughput. The highly
parallelizable NG-SGM cost aggregation and candidate vector
selection modules are placed in the low-voltage (0.7 V) and
low-frequency (200 MHz) domain to balance the computation
throughput with memory bandwidth and save energy. Paral-
lel interfaces are placed in a separate voltage (0.7 V) and
frequency (100 MHz) domain to balance the interface data
bandwidth and processing throughput. The Fxpar and Feore
clocks in Fig. 6 are generated with two separate on-chip
voltage-controlled oscillators (VCOs) while Fipeerface 1S divided
from Feore- Fig. 12 shows the power distribution between
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Fig. 13. Block diagram of the coalescing crossbar.

different blocks in the proposed architecture, where memory
access (labeled “xbar,” “mem access,” and “census transform”
in Fig. 12) consumes 74% while highly parallelized processing
(other items in Fig. 12) consumes 26% of the overall power.
The power of NG-SGM aggregation and selection is reduced
by 27% compared with that of a single-voltage design without
any performance degradation.

E. High-Bandwidth, Coalescing Crosspoint Crossbar

The NG-SGM algorithm unified for stereo depth and optical
flow requires 2.6-Tb/s memory bandwidth for the image buffer
to compute on-the-fly census transform of pruned candidates.
The memory access patterns are irregular and unpredictable
due to the dynamic nature of neighbor guidance. However,
we observe that many of these memory accesses frequently
overlap because neighboring pixels often agree on the same
matching candidates and provide the same guidance. In the
simulation, only ~30% of the memory accesses is unique on
average. To exploit this property while maintaining >2-Tb/s
on-chip memory access bandwidth, we propose a new crossbar
circuit that efficiently coalesces redundant memory accesses.

Fig. 13 shows the architectural block diagram of the pro-
posed high bandwidth, two-cycle pipelined coalescing cross-
bar. The crossbar has an SRAM-like layout with crosspoints
(Xpoints) connected in a 16 x 16 mesh. Query queues
are connected on the right side, and 16 memory banks are
connected at the top and bottom of the crossbar. Each queue
holds <11 entries to avoid queue overflow in the worst case
(no coalescing). The memory system hierarchically connects
four such custom-designed coalescing crossbars for accessing
64 on-chip image rotating buffers (Fig. 6). The data width of
the crossbar is 128 bit, and the crossbar operates at 500 MHz.
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In the first cycle, arbitration is performed when multiple
queries try to access the same memory bank. In the pro-
posed crossbar, each crosspoint locally handles arbitration and
remembers collision. If a collision occurs, the query with the
higher priority wins arbitration and sends its address to the
memory. The query with the lower priority loses arbitration
and is suppressed. In the second cycle, the data requested by
the wining query are fetched, and the request from the wining
query is fulfilled. At the same time, the crosspoint that blocked
a losing query broadcasts its data and its access address to all
losing queries to check if any coalescing memory access exists
in its queue. If any query in the queue of the losing query
has a coalescing memory access, it consumes the broadcasted
data and eliminates itself from the queue, coalescing the two
requests and removing the redundant memory access.

Complexity of the arbitration logic increases quadratically
with the number of input or output ports, making conven-
tional CMOS MUX/NOR-based design very inefficient for a
large number of ports [32]. Inspired by [33] and to achieve
an area/power efficient solution, we customized the arbitra-
tion circuits to perform arbitration and detect collision with
dynamic logic on bitlines. Fig. 14 shows the detailed arbitra-
tion circuit at each crosspoint and the timing of its control
logic. The timing control of the crossbar is verified through
Monte Carlo simulations considering process, voltage, and
temperature (PVT) variations to ensure sufficient margins for
correct functionality. The proposed dynamic logic on bitlines
does not suffer from charge sharing because the discharge
transistor on each bitline is not stacked. There are 16 arbi-
tration lines, one per input channel. All lines are pre-charged
high during operation. Then, each crosspoint discharges all
arbitration bitlines whose indices are smaller than its query
index and, therefore, have lower priority. Then, the crosspoint
examines the bitline with its own index to see if it won or lost
the arbitration. Each crosspoint remembers the collision and
stores it in the local register if the query loses. The winning
crosspoint then sends the query address to its memory. All
queries including losing queries receive the same broadcasted
data from memory as well as the address of the winning query.
If the queue has a matching address, the broadcast data are
returned, and the query is removed from the queue, completing
coalescing.

With 64 SRAM banks, a single 162 x 64 crossbar (162 is
the total number of memory accesses issued for on-the-fly
census transform) would be ideal for maximizing performance.
However, the area and energy consumption of a crossbar
also increase quadratically when the number of input—output
ports of a crossbar increases. Therefore, instead of using large
crossbars, we instantiate four smaller 16 x 16 coalescing
crossbars in the design hierarchically so that each handles the
accesses of 16 memory banks. Figs. 15 and 16 show the trade-
off (based on simulation) between different crossbar design
choices. Compared with a single 64 x 64 coalescing crossbar,
the proposed design achieves 3.1 x power reduction and 3.4 x
area reduction. Compared to an ideal case of using a single
162 x 64 crossbar with unlimited resources, the proposed
design achieves a comparable throughput with 3.8 x reduced
area and 3.6x reduced power. Moreover, the proposed
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coalescing crossbar yields 54% higher performance compared
to a regular crossbar without coalescing. Overall, this pro-
posed approach enables 2.6-Tb/s average bandwidth from four
instances of high bandwidth, two-cycle pipelined coalescing
crossbars.
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Fig. 18. Die photograph.
TABLE I
SUMMARY OF PERFORMANCE
This work
Method NG-SGM
Technology 28nm
Chip area 9.3mm’
On-chip memory 1568Kb
Frequency Feore: 180MHz, Fxbar: 500M Hz
. N 1920 X 1080 @ 25fps (flow)
Throughput & image size 1920 X 1080 @ 30fps (dejth)
Depth & Optical flow
Search Range 176x176=30976
Accuracy (Outlier %) 4.7% @ Middlebury
. Vlow: 0.9V Vhigh: 1.3V @ 30 fps HD
Operating voltage Viow: 0.58V Vhigh: 0.75V @ 30 fps VGA
Power 760mW @ 25 fps HD (flow) / 30 fps HD (depth)
62 mW @ 30 fps VGA (flow )/ 40 fps VGA (depth)
Normalized energy* 0.069nJ) @ 30 fps HD (depth)
(depth) 0.029n) @ 30 fps VGA (depth)
Normalized energy* 0.0048nJ) @ 25 fps HD (flow)
(Optical flow) 0.0022nJ) @ 30 fps VGA (flow)
Normalized _ nJ
energy [6] ~ Search range ¢ # of pixel
Fig. 17 summarizes the relative power consumption

(normalized to the final optimized power) of various com-
ponents of the system. It also quantifies the power reduc-
tion from the proposed circuit and architecture optimization
techniques.

IV. CHIP MEASUREMENT RESULTS
Fig.18 shows a die photograph, and Table I shows the
performance summary of the fabricated chip. This paper
is fabricated in TSMC 28-nm HPC process with 9.3-mm?
chip area. The host mini-computer (Odroid-XU4) performs
block-partition of images and streams real-time input to the
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Fig. 19. Measured output from KITTI data set and from JPL MAV captured images.

TABLE II
COMPARISON WITH PRIOR ART

1SSCC 2015[22] 1SSCC 2016[6] 1SSCC 2017[1] This work
Method 5-View BP Truncated SGM SGM NG-SGM
Technology 40nm 65nm 40nm 28nm
Chip area 22mm? 16mm? 10.8mm? 9.3mm?
On-chip memory 352Kb 3946.9Kb 1064Kb 1568Kb
Frequency 215MHz 250MHz 170MHz Fcore: 180MHz, Fxbar: 500MHz
Throughput & image size 1920 X 1080 1280 X 720 1920 X 1080 1920 X 1080 @ 25fps (flow)
8NP 8 30fps 30fps 30fps 1920 X 1080 @ 30fps (depth)
Stereo depth only Depth & Optical flow
Search Range
8 1x64 | 1x64 1x128 176x176=30976
Accuracy (Outlier %) Not reported due to limited depth range 7% @ KITTI 4.7% @ Middlebury, 11.7% @ KITTI

Operating voltage 09V 1.2v

0.75V @ 30 fps HD
0.52V @ 30 fps VGA

Vlow: 0.9V Vhigh: 1.3V @ 30 fps HD
Viow: 0.58V Vhigh: 0.75V @ 30 fps VGA

1019mwW
(includes DRAM power)

582mwW

Power (excludes DRAM power)

836mW @ 30 fps HD
55 mW @ 30 fps VGA

760mW @ 25 fps HD (flow) / 30 fps HD (depth)
62 mW @ 30 fps VGA (flow )/ 40 fps VGA (depth)

Normalized energy*

(depth) 0.153nJ

0.329n)

0.104n) @ 30fps HD
0.047n) @ 30 fps VGA

0.069n) @ 30 fps HD (depth)
0.029n) @ 30 fps VGA (depth)

Normalized energy*
(Optical flow)

Optical flow NOT supported

0.0048n) @ 25 fps HD (flow)
0.0022n) @ 30 fps VGA (flow)

processor through USB3.0 interfaces via Cypress FX3 USB-
to-parallel bridge chips. The parallel interface on the processor
serves two USB bridge chips in parallel. The host sends control
instructions to the chip via the USB interface shared with the
input image streaming. The 6-D vision output from the chip is
streamed via a separate dedicated USB channel. The fabricated
chip successfully produces optical flow and stereo depth with
176 x 176 and 1 x 176 pixel search ranges, respectively,
in FHD (1920 x 1080) resolution. The real-time operation
is confirmed at 25-frames/s (optical flow)/30-frames/s (stereo)
FHD processing with 180-MHz core (Fcore) and 500-MHz
memory frequency (Fxpar) consuming 760 mW combined
from 0.9- and 1.3-V supplies. Fig. 19 shows the measured
optical flow and depth results for the 194 KITTI automotive
benchmark, achieving 11.37% outlier for optical flow, 7.52%
outlier for depth. An outlier is defined as a pixel that has a
displacement error of more than three integer levels (dispar-
ity) or two integer levels horizontally or vertically (optical
flow). The chip is also measured with over 1000 JPL-captured
MAV benchmarks, and the qualitative results are shown
in Fig. 17.

Fig. 20 shows the measured throughput and energy effi-
ciency tradeoff with varying Fxpar and Feore Of two different
voltage—frequency domains. The optimal energy point occurs
when Fypar i ~2.7x greater than Fiore. Comparison with
prior works is provided in Table II. Only the proposed
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Fig. 20. Measured throughput and energy efficiency with different
frequencies.
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Fig. 21. Measured voltage and frequency scaling of proposed design.

design can support optical flow computation. We achieve 1.5x
higher energy efficiency for stereo processing compared to
our prior chip [25], optimized for stereo processing only.
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Normalized energy is the figure-of-merit (FoM) proposed in
[34] and adopted in [6], [25], and [34]. The FoM applied to
the optical flow shows >100x improvement compared to the
stereo processing of prior chips. Fig. 21 shows the voltage and
frequency scaling over different frame resolutions and frame
rates. Fig. 22 shows this FoM comparison, with 1.5x better
energy efficient at FHD for stereo processing and >100x
better efficiency for optical flow compared with prior works
[6], [25], [34], which are stereo vision-only ASICs. The chip
is programmable and supports various frame rates and image
resolutions. It consumes 760 mW to process optical flow
at 25 frames/s/stereo at 30-frames/s FHD, while the power
consumption scales to 62 mW at 30-frames/s VGA operating
at lower voltages (0.72 and 0.65 V).

V. CONCLUSION

This paper presents a single-chip, accurate, high perfor-
mance, energy-efficient unified optical flow, and stereo depth
6-D vision processor using the NG-SGM algorithm for low-
power computer vision applications. The fabricated 6-D vision
processor generates dense optical flow and depth with a wide
search range of 176 pixels per dimension in FHD resolution
with real-time 25 frames/s throughput for optical flow and
30 frames/s throughput for stereo depth, consuming only
760 mW in 28-nm TSMC HPC CMOS. The chip reports
11.7% outlier accuracy on industry standard KITTI auto-
motive optical flow evaluation. The proposed rotating on-
chip image buffer scheme reduces the interface bandwidth
by 2x compared with raster scan progression and enables
real-time streaming operation at the cost of 28% larger on-
chip memory size. The proposed dependency-resolving image-
scanning stride with deeply pipelined implementation yields
4x performance gain. The customized coalescing crosspoint
crossbar yields 2.6-Tb/s on-chip bandwidth, efficiently mit-
igating irregular memory access patterns from the dynamic
neighbor guidance of NG-SGM. A complete optical flow
and stereo processing are built and demonstrated for realistic
scenes in real-time operations.
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