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MANTIS: A Mixed-Signal Near-Sensor
Convolutional Imager SoC Using Charge-Domain

4b-Weighted 5-to-84-TOPS/W MAC Operations for
Feature Extraction and Region-of-Interest Detection

Martin Lefebvre , Member, IEEE, and David Bol , Senior Member, IEEE

Abstract— Recent advances in artificial intelligence (AI) have
prompted the search for enhanced algorithms and hardware to
support the deployment of machine learning (ML) at the edge.
More specifically, in the context of the Internet of Things (IoT),
vision chips must be able to fulfill the tasks of low to medium
complexity, such as feature extraction (FE) or region-of-interest
(RoI) detection, with a sub-mW power budget imposed by the
use of small batteries or energy harvesting. Mixed-signal vision
chips relying on in- or near-sensor processing have emerged as an
interesting candidate because of their favorable tradeoff between
energy efficiency (EE) and computational accuracy compared
with digital systems for these specific tasks. In this article,
we introduce a mixed-signal convolutional imager system-on-chip
(SoC) codenamed MANTIS, featuring a unique combination of
large 16×16 4b-weighted filters, operation at multiple scales, and
double sampling, well suited to the requirements of medium-
complexity tasks. The main contributions are (i) circuits called
DS3 units combining delta-reset sampling (DRS), image down-
sampling (DS), and voltage downshifting and (ii) charge-domain
multiply-and-accumulate (MAC) operations based on switched-
capacitor (SC) amplifiers and charge sharing in the capacitive
DAC of the successive-approximation (SAR) ADCs, MANTIS
achieves peak EEs normalized to 1b operations of 4.6 and
84.1 TOPS/W at the accelerator and SoC levels, while computing
feature maps (fmaps) with a root-mean-square error (RMSE)
ranging from 3 to 11.3%. It also demonstrates a face RoI detec-
tion with a false negative rate (FNR) of 11.5%, while discarding
81.3% of image patches and reducing the data transmitted off
chip by 13× compared with the raw image.

Index Terms— Charge domain, CMOS image sensor (CIS),
convolutional neural network (CNN), feature extraction (FE),
mixed signal, multiply-and-accumulate (MAC) operations, near
sensor, region-of-interest (RoI) detection, system-on-chip (SoC).

I. INTRODUCTION

RECENT years have seen artificial intelligence (AI) rise
as a key component of numerous engineered systems,
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Fig. 1. (a) Vision chip architectures ranging from mixed-signal processing
in or near the pixel array to conventional digital processing outside of it.
(b) Strengths and limitations of these architectures. (c) Envisioned system
based on a cascaded processing scheme similar to [4], in which only relevant
image patches are transmitted from the image sensor to the digital processor.

reaching an unprecedented level of pervasiveness at the appli-
cations level. Among them, the Internet of Things (IoT) has
elicited a particular interest as the large amount of data
generated by sensor nodes calls for the development of spe-
cialized machine learning (ML) algorithms and hardware to
efficiently process data at the edge, a concept coined as edge
AI or tiny ML. More specifically, in the context of vision
sensors, edge devices must be able to solve vision tasks of
low to medium complexity, e.g., feature extraction (FE) and
region-of-interest (RoI) detection, within a sub-mW power
budget, as IoT nodes are often supplied by limited-capacity
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batteries. Mixed-signal vision chips have, thus, emerged as
a suitable candidate, since they outperform digital chips in
terms of energy efficiency (EE) while maintaining a sufficient
computational accuracy. This improved EE also stems from a
reduced number of analog-to-digital (A2D) conversions com-
pared with digital implementations, leading to energy and area
savings.

Mixed-signal vision chip architectures can be divided into
two main categories, namely, in-sensor [1], [2], [3] and
near-sensor [4], [5], [6], [7], [8] vision chips, respectively,
implemented with analog processing elements (PEs) inside or
in the periphery of the pixel array. A third category, referred to
as hybrid vision chips [9], [10], is not represented in Fig. 1(a)
but simply combines elements from both categories. On the
one hand, in-sensor vision chips are massively parallel and
do not require any memory, be it analog or digital. However,
connections between pixel-level PEs are usually local and
limited to neighboring pixels, hampering the calculation of
image-level features and, thereby, the operation at multiple
spatial scales. In addition, pixel-level PEs also lead to a
relatively large pixel pitch above 10 µm. At last, in-sensor
processing is often limited to low-complexity tasks, as it relies
on binary (1b) or ternary (1.5b) weights and on raw [1],
[2], [3] or amplified [9] photocurrents subject to significant
fixed-pattern noise (FPN), i.e., local mismatch between pixel
responses. On the other hand, near-sensor and hybrid vision
chips usually present a decreased throughput compared with
in-sensor ones, but are better suited to the execution of
medium-complexity tasks because of the use of large-size 1.5b
Haar-like filters [4], [5], [9], [10] or to an increased 4b filter
weight resolution [7], [8]. They make use of conventional pixel
structures, such a three- or four-transistor (3T or 4T) active
pixel sensor (APS) or pulse-width-modulated (PWM) digital
pixel sensor, which are compatible with double sampling
techniques to compensate FPN. The 3T/4T pixels, respectively,
use rolling and global shutters and can either rely on a
voltage-based readout with a source follower (SF) or on a
time-based one with a PWM structure, allowing to reduce the
supply voltage without degrading the output dynamic range.
Besides, near-sensor and hybrid vision chips can operate at
multiple spatial scales because of image downsampling (DS)
[4], [5] or filter dilation [9]. Finally, an analog memory
generally based on capacitors (caps) is required to store a few
rows of the image, ultimately leading to power and/or area
overheads. Nevertheless, existing works fall short of preserv-
ing EE while simultaneously supporting medium-complexity
tasks, which require sufficient computational accuracy brought
by FPN-compensated inputs and increased weight resolution,
as well as multiscale operation and large filters for tasks as
RoI detection.

In this work, we present a mixed-signal near-sensor convo-
lutional imager system-on-chip (SoC) codenamed MANTIS,
fabricated in United Microelectronics Corporation (UMC)
0.11-µm CMOS technology and supporting both FE and RoI
detection. It includes two main contributions providing an
effective answer to the aforementioned limitations of the exist-
ing vision chips. First, circuits called DS3 units combine three

Fig. 2. MANTIS CMOS imager SoC (a) modes of operation and (b) archi-
tecture, detailing the different blocks in the digital core and image sensor
analog core with their respective power domains.

Fig. 3. Block diagram of the (a) convolution and (b) imaging pipelines.

operations, which can be abbreviated as DS, namely, double
sampling, to mitigate the impact of FPN, voltage downshifting,
to reduce the voltage level from the pixel array to the
convolution processor, and image downsampling, to allow
for multiscale operation. Second, a mixed-signal convolution
processor implements 4b-weighted multiply-and-accumulate
(MAC) operations in the charge domain, based on a modified
switched-capacitor (SC) amplifier structure to compute the
partial sum (psum) of a row of an image patch, and on a
charge sharing operation in the capacitive digital-to-analog
converter (CDAC) of the following successive-approximation
(SAR) analog-to-digital converter (ADC) to aggregate psums
of different rows. In our vision, MANTIS would be used as
the first stage of a cascaded processing system [Fig. 1(c)]
supporting low- to medium-complexity processing tasks, while
a high-complexity processing based on convolutional or deep
neural networks (CNNs or DNNs) would be executed by a dig-
ital processor. The major benefits of such a system are to limit
the amount of I/O data transfers from the image sensor to the
digital processor and to only dedicate energy to the processing
of relevant data. This article extends our conference paper [11]
by providing a more in-depth description of the circuits

Authorized licensed use limited to: TU Delft Library. Downloaded on March 14,2025 at 05:56:31 UTC from IEEE Xplore.  Restrictions apply. 



936 IEEE JOURNAL OF SOLID-STATE CIRCUITS, VOL. 60, NO. 3, MARCH 2025

Fig. 4. (a) Schematic, (b) timing diagram, and (c) 90◦-rotated layout of a
single column-parallel DS3 unit. VCM = 1.2 V and VREF = 0.6 V in (a).

constituting the convolution pipeline, highlighted in Fig. 2,
as well as additional experimental results. The remainder of
this article is organized as follows. First, Section II describes
the architecture of the SoC. Then, Section III discusses the
design and implementation of the proposed mixed-signal con-
volution pipeline, while Section IV presents the measurement
results of the SoC. Finally, Section V compares this work with
the state of the art, and Section VI offers some concluding
remarks.

II. SYSTEM-ON-CHIP DESCRIPTION

A. Architecture

This section describes the modes of operation and architec-
ture of MANTIS CMOS imager SoC, respectively, depicted
in Fig. 2(a) and (b). Three modes of operations are supported.
First, the imaging mode produces 8b 128×128 images, which
are necessary to thoroughly compare the mixed-signal on-
chip execution of the convolution operations, subject to analog
nonidealities, to an ideal software baseline. Second, FE can
be performed using 2-D convolution operations between the
image and 4b-weighted filters of fixed size F = 16. All
parameters are programmable, with the filter stride S and the
DS factor DS, respectively, taking any power-of-two value
between 2 and 16, and between 1 and 4, and the number
of filters ranging from 1 to 32. This mode generates feature
maps (fmaps) with a programmable power-of-two resolution

Fig. 5. Schematic of (a) the inverter-based OTA proposed in [12] and
(b) the enable circuit shared by all 128 column-parallel DS3 units.

between 1 and 8 bits. Finally, an RoI detection mode supports
the comparison of fmap values with a different threshold
for each filter directly in the SAR ADCs. These thresh-
olds are implemented as offsets modifying the fmap values.
In this last mode of operation, 1b fmaps are created by the
imager, which are subsequently combined to yield an RoI
heatmap and 1b detection map [Fig. 2(a)] for the detection of
faces.

Furthermore, the SoC architecture revolves around a
Cortex-M4 central processing unit (CPU) from ARM, embed-
ding a mixed-signal image sensor macro. First, regarding the
digital part of the SoC, efficient data transfers are supported
by a direct memory access (DMA) peripheral allowing to
move data through the advanced high-performance (AHB) bus
from the imager output registers to a master digital camera
interface (DCMI), which then transmits this data off chip in
an 8b-parallel fashion. Moving on to the image sensor macro
[Fig. 2(b) right], it includes several configuration registers for
the parameters of the convolution operations discussed here-
above, among others, a 4-kB local SRAM memory, denoted
as LMEM, which can store up to 32 4b 16×16 filters and
32 8b registers for the corresponding thresholds or offsets
in RoI mode. These registers impact the behavior of the
digital controller piloting the analog core of the imager. Next,
the analog part of the SoC relies on a 3T 128×128 pixel
array with two readout pipelines: (i) a convolution pipeline
supporting both FE and RoI detection modes and (ii) an
imaging pipeline used in imaging mode. It also includes a
bias generation circuit used by both pipelines. The digital core
is supplied at 1.2 V, while the analog circuitry relies on two
supplies at 1.2 and 2.5 V, respectively.

B. Convolution Pipeline

In the convolution pipeline [Fig. 3(a)], raw pixel voltages
go through 128 column-parallel DS3 units, which zero out
the FPN by a double sampling technique known as delta-reset
sampling (DRS). It consists in subtracting the signal voltage of
a pixel from its reset voltage, thereby suppressing the impact
of local mismatch on its output. In addition, DS3 units also
perform image DS to support multiscale operation. The output
voltage of DS3 units is then stored in an analog memory
with a capacity of 16 rows. Next, the stored pixel values are
employed as inputs to 128 MAC units, connected to eight SC
amplifiers computing partial convolution results or psums in
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Fig. 6. Illustration of image DS by 4× with (a) the timing diagram,
(b) the operation principle, and (c) the schematic of four DS3 units in four
neighboring columns. (d) Connection of the switches shorting the inputs and
outputs of inverter-based OTAs for different DS factors.

the analog domain, under the form of voltages. These psums
are stored in the CDAC of the SAR ADCs following the
SC amplifiers, before being aggregated by a charge sharing
operation in the CDAC and digitized to produce convolution
results, with the resolution of the produced fmaps being a
power of two between 1 and 8 bits.

C. Imaging Pipeline

In the imaging pipeline [Fig. 3(b)], DRS is used to mitigate
FPN, as is done in DS3 units in the convolution pipeline. DRS
units also implement voltage downshifting to adapt the 2.5-V
signals from the pixel array to the 1.2-V input of the 8b SAR
ADCs. Note that the outputs of column-parallel DRS units in
16 adjacent columns are multiplexed to a single ADC, leading
to a total of eight ADCs to digitize a complete row.

III. CIRCUIT IMPLEMENTATION AND DESIGN OF THE
MIXED-SIGNAL CONVOLUTION PIPELINE

The objective of this section is to present the circuit imple-
mentation of the mixed-signal convolution pipeline and to
provide insights regarding the design of the circuits it contains.
To do so, this section is divided in two parts. Section III-A
deals with the calculation of FPN-compensated downsampled
pixel voltages and their storage in the analog memory and,
consequently, covers the DS3 units and the analog memory.
Section III-B discusses the charge-domain MAC operations
and the digitization of the convolution results, and examines
the MAC units, the SC amplifiers, and the SAR ADCs.

A. Image Readout, Downsampling, and Storage

1) DS3 Units for Image Readout and Downsampling: Fig. 4
illustrates the operation of a column-parallel DS3 unit to
read a single pixel value while performing DRS and voltage

Fig. 7. (a) VPIX in process corners and (b) variability of VPIX for 103 MC
simulations with local mismatch. Image DS by 2× for 2×103 random
combinations of inputs drawn from a uniform distribution, with (c) com-
parison between ideal and simulated results, and distributions of the error
1VPIX = (VPIX − VPIX, ideal) in (d) pre- and (e) post-layout simulations. All
figures correspond to the TT 25 ◦C corner, except for (a), which covers all
five process corners.

downshifting. This operation consists of three steps [Fig. 4(b)].
In step 1⃝, the signal coming from the 3T APS, resulting from
the discharge of the internal pixel node VPD by the photocur-
rent during the exposure time, is read on the column voltage
VCOL. To do so, we rely on the partial settling or dynamic SF
readout from [13], which consists in resetting VCOL to ground
using the COL_RST switch, before enabling the SF during
a finite amount of time (ROW_SEL[i] = 1). This readout
is more energy-efficient than the conventional one using a
current source at the bottom of the column, as it eliminates any
static current consumption. It also presents an optimal settling
time [13], which minimizes the variability of (VRST − VSIG),
that we find to be 0.5 µs in our design. At the end of step
1⃝, the signal value has been sampled on the 26-fF MOM cap

CSIG. Then, in step 2⃝, the pixel is reset, and the resulting
value is sampled on CRST, whose capacitance is the same as
CSIG. Finally, during step 3⃝, these two caps are connected
with opposite polarities, and their charges are dumped on a
58-fF MOM feedback cap CFB, resulting in a voltage VPIX in
which (VRST − VSIG) is multiplied by the capacitance ratio
CS/CFB = 0.45. Thus, the operations of (i) DRS and (ii)
voltage downshifting are realized. Moreover, in the schematic
depicted in Fig. 4(a), switches connected to ground or VDD
are, respectively, implemented with single nMOS or pMOS,
while other switches are transmission gates (TGs). They rely
on 3.3-V I/O transistors to withstand the 2.5-V supply, with
W = 0.25 µm and L = Lmin = 0.34 µm, except for the TGs
connected to VREF and VCM for which L = 0.68 µm to reduce
leakage. Regarding the caps, they are chosen to ensure that
local mismatch, noise, and layout parasitics have a minimal
impact on the circuit behavior, but they could be downsized as
long as the uncertainty and voltage attenuation remain within
the specifications of the target algorithm. Further reduction
could be achieved by accounting for these nonidealities in the
training algorithm, as is done in [14] for in-memory computing
(IMC). A similar design choice is made for other mixed-signal
circuits in this work.
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Fig. 8. (a) Schematic and (b) layout of an analog memory cell. (c) Con-
nections at the input and output of a column of 16 row of memory cells and
(d) timing diagram for write and read operations.

Fig. 9. (a) Voltage change of VMEM after 100 ms in TT and FF, and at 25 ◦C
and 85 ◦C. (b) Retention time tret in TT 85 ◦C and FF 85 ◦C (worst case).
tret is defined as the time at which the initial voltage has changed by more
than 2.35 mV, corresponding to half an LSB for a 1.2-V 8b ADC. At 25 ◦C,
(c) transfer function from VPIX to VBUF in process corners and (d) variability
of VBUF for 103 MC simulations with local mismatch.

Besides, to compensate for the offset of the inverter-based
operational transconductance amplifier (OTA) [12], it is put
in autozero (AZ) during steps 1⃝ and 2⃝. This corresponds
to sampling on the two 50-fF MIM caps CAZ the difference
between the common-mode voltage VCM and VGS of M1−2
with a fixed 1-µA bias current, imposed by the floating
current source formed by M5−6 [Fig. 5(a)]. Moreover, a key
feature to reach a high EE is the enable circuit shared
by all amplifiers [Fig. 5(b)], implemented by, respectively,
clamping bias voltages VBN1,INT and VBP1,INT to ground and
VDDAH and, thus, allowing to duty cycle DS3 units to save
power.

Next, the image DS relies on a principle proposed in [6]
and represented for a DS by 4× in Fig. 6. As illustrated in

Fig. 10. (a) Storage pattern of the image into the analog memory for different
DS factors. Filter striding for a convolution operation with a stride S = 4
(b) without image DS (DS = 1) and (c) with image DS by 2× (DS = 2).

Fig. 6(c), the inputs and outputs of the OTAs in four adjacent
columns are shorted together by switches whose configuration
depends on the DS factor [Fig. 6(d)]. The average of each
row of a 4×4 image patch is computed and stored in the hold
cap CH of one of the four columns, as shown in steps 1⃝– 4⃝
[Fig. 4(a)–(c)]. Once all row averages have been computed, all
CH caps are simultaneously connected during step 5⃝, and the
resulting voltage is the average of row averages or, in other
words, the average of the image patch. The proposed DS3 unit
fits into the 6.03-µm pixel pitch and occupies 74.73 µm in
height [Fig. 4(c)], a dimension that could be further reduced
if transistors could be placed below MIM caps CAZ.

This circuit is robust to process, voltage, and temperature
(PVT) variations due to its ratiometric nature, as long as the
OTA is designed to operate in the relevant corners. Thus, this
article does not aim at providing an exhaustive characterization
of the proposed circuits in PVT corners, but focuses on their
main performance and limitations. Post-layout simulations
in Fig. 7 confirm the independence with respect to process
[Fig. 7(a)] and show that the σ and σ/µ of VPIX due to
local mismatch for a single DS3 unit are respectively below
2.2 mV and 0.4% across the input range. Regarding the
output voltage noise, a theoretical expression is given by
vn = (CS/CFB)(2kT /CS)

1/2, where k is Boltzmann’s constant
and T the absolute temperature. At 25 ◦C, vn = 0.25 mV,
and its impact is significantly lower than that of mismatch.
In addition, the performance of DS is evaluated for DS
by 2× in Fig. 7(c)–(e), for 2×103 combinations of input
voltages drawn from a uniform distribution. The σ of the
error 1VPIX increases from less than 1 mV pre-layout to
approximately 10 mV post-layout, as highlighted in Fig. 7(d)
and (e), due to capacitive coupling among nodes VIN, VPIX,
and VH [Fig. 4(a)], which could be reduced by improving the
layout.

2) Analog Memory for Image Storage: The schematic and
operation of the analog memory are described in Fig. 8.
A memory cell with a structure close to [4] and [5] [Fig. 8(a)]
consists of a 32-fF MOS cap MCAP, an access transistor
MW with a dummy transistor MW,DUM with half the length,
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Fig. 11. (a) Principle of the convolution operation between a 16×16 image patch and a 4b 16×16 filter. (b) Schematic of the SC amplifier realizing the
MAC operations between a single row of the image patch and filter, with (c) the corresponding timing diagram. The common-mode voltage VCM is equal to
VDDAL/2 = 0.6 V. (d) Detailed schematic and (e) 90◦-rotated layout of one of the 16 MAC units connected to the SC amplifier.

to compensate for the charge injection of MW , and an SF MSF
employed in a dynamic fashion for its reduced mismatch of
VBUF and decreased static power consumption, similar to the
pixel readout in Section III-A. This memory cell occupies a
silicon area of 6.03 × 6.075 µm [Fig. 8(b)], close to that of
a pixel. To read or write a cell located within a column of the
analog memory [Fig. 8(c) and (d)], several switches are used
to connect the column internal voltage VPIX,INT to the output of
the DS3 units, or to ground/VDDAL. During a write operation,
in step 1⃝, VPIX,INT, VMEM and VSF are grounded to overwrite
the memory cell content without any impact from previously
stored values. Then, in step 2⃝, VMEM is driven to VPIX by the
DS3 unit connected to the column, before disconnecting VMEM
from VPIX,INT. During a read operation, VBUF is first reset to
ground in step 3⃝, before reading the memory cell by partial
settling in step 4⃝.

When the memory is not written or read, the retention of
the memory cells needs to be maximized in the worst case
corner, here FF 85 ◦C. To do so, we minimize the leakage of
the access transistor MW by implementing it with a 3.3-V I/O
nMOS with W = 0.18 µm and L = 1 µm and, additionally,
by driving VPIX,INT to VDDAL = 1.2 V in retention to limit the
VDS of MW and further reduce the leakage, given that VPIX
approximately ranges from 0.6 to 1.5 V [Fig. 7(a)]. Continuing
with the post-layout characterization of the memory, Fig. 9(a)
highlights that the typical voltage change of the stored voltage
after 100 ms is, respectively, 2.61 and 2.18 mV in the TT and
FF process corners at 85 ◦C, while Fig. 9(b) indicates the
retention times of 90.3 and 106.9 ms in the same conditions,
the retention time being defined as a change of ±LSB/2 with
respect to the initially stored voltage, i.e., ±2.35 mV for a
1.2-V supply and an 8b resolution. In addition, in Fig. 9(a),
the linear increase of 1VMEM in TT 25 ◦C for VPIX < 1 V can

be explained by a slow transient of VSF lightly affecting VMEM
through capacitive coupling. In Fig. 9(c), we observe that the
transfer function of the SF has a slope ASF below 1 V/V due
to the body effect resulting from MSF’s body being grounded,
and that it is impacted by variations of MSF’s threshold voltage
in process corners even though the slope remains around
0.83 V/V. Finally, VBUF has a σ around 3.5 mV in the usable
part of the input range, corresponding to a maximum σ/µ

of 2.3% for VPIX = 0.6 V, while in comparison, the output
noise vn = ASF(kT /CMEM)1/2 equal to 0.3 mV at 25 ◦C is
negligible. Future designs could compensate the SF mismatch
by making use of an OTA-based feedback loop to write the
analog memory, as proposed by Seo et al. [15].

B. Charge-Domain Multiply-and-Accumulate Operations

1) Operation Principle: When no DS is applied to the
image, the columns of the pixel array match that of the analog
memory in a one-to-one fashion, and the whole width of
the analog memory is used to store the image [Fig. 10(a)].
The convolution operation is, thus, performed between several
replicas of the 4b 16×16 filter and different image patches
without overlap [Fig. 10(b)]. As the filter is shifted to the right,
the connections between the analog memory and the eight SC
amplifiers are modified over time to follow the movement
of the filter. However, when a DS by 2× is applied, the
image is only 64-columns wide, so the first half of the analog
memory stores the downsampled image, while the second
half stores a version of the image shifted by eight columns
to the left [Fig. 10(a)]. This routing from the outputs of
the DS3 units to the analog memory is ensured by switches
changing the connections depending on the DS factor. When
computing the convolution operation, this storage pattern of
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Fig. 12. (a) Standard deviation and (b) distribution of VAMP,IN− and
VOUT, for 103 MC simulations with local mismatch. (b) Histograms for
1VBUF = 0.3 V. (c) Mean and (d) standard deviation of the error
1VMAC = (VMAC − VMAC, ideal) for 104 random combinations of inputs and
weights without mismatch and noise, with only local mismatch, and with only
intrinsic noise. All figures correspond to the TT 25 ◦C corner.

the image into the analog memory allows to improve through-
put, by executing in parallel operations corresponding to two
different shifts of the image in the execution without DS
[Fig. 10(c)]. The throughput is thereby increased by the DS
factor, here 2×. The same reasoning holds for a DS by 4× for
which three shifted versions of the image are used, as shown
in Fig. 10(a).

2) Switched-Cap Amplifiers for Multiplication: We now
zoom in on the convolution operation between a 16×16 image
patch and a 4b 16×16 filter, computed by the process depicted
in Fig. 11 using an SC amplifier. Phase 1⃝ of this process,
presented in Fig. 11(a), consists in successively computing
the psums resulting from the convolution of a row of pixels
stored in the analog memory with the corresponding row of
4b filter weights stored in the LMEM. Each psum is stored
in a 16th of the SAR ADC CDAC, until all psums have been
computed. In phase 2⃝, the CDAC is disconnected from the SC
amplifier (VIN_CONNECT = 0), and all caps storing psums
are shorted together to compute the final convolution result by
charge sharing on node VSH.

Going one step further, the psum of a row is computed by
the SC amplifier circuit drawn in Fig. 11(b), whose timing
diagram is detailed in Fig. 11(c). In step 1⃝, the OTA, based
on a two-stage Miller architecture, is enabled, and its feedback
is activated. As for the DS3 units, power gating the OTA
is a key feature to save energy and improve the EE of the
accelerator. Then, steps 2⃝ and 3⃝, respectively, consist in
resetting the columns of the analog memory corresponding to
positive-weighted inputs and in reading these inputs from the
analog memory. Next, in step 4⃝, the columns of the analog
memory corresponding to a negative weight are reset, while
connecting them to the input of the corresponding MAC units.
Finally, during step 5⃝, the negative-weighted inputs are read,
and charges are dumped on node VAMP,IN− by caps C+,i and
C−, j , yielding an output voltage VMAC containing the psum
1VCONV referred to VCM. The formula given in Fig. 11(b)

Fig. 13. Leakage current through TGs in the MAC unit can lead to variability
of VMAC due to global process variations. (a) Simplified schematic of the
MAC unit with transistor-level switch implementation, illustrating the origin
of this leakage, and (b) standard deviation of the error 1VMAC for 104 random
combinations of inputs and weights with local mismatch and global process
variations, for TGs realized with LVT core devices with L = 120 and 240 nm,
or HVT core ones with L = 120 nm.

can be intuitively understood by noticing that the inputs of
caps C+,i are applied when φ1,SC = 1, while the inputs of
caps C−, j are applied when φ2,SC = 1. The inputs associated
with C+i follow the behavior of a non-inverting SC amplifier,
while those associated with C−, j follow that of an inverting
one, thus explaining the formula for VMAC. Despite the fact
that the computation is performed in the mixed-signal domain
and suffers from analog nonidealities, the proposed structure
features several properties ensuring the robustness of the
computation. (i) It has a single-ended output, which does not
rely on intermediate differential voltages, avoiding an incorrect
result when the differential voltage is small, but the common
mode is large and potentially subject to saturation. This is
an issue encountered in previous charge-domain near-sensor
architectures [5]. (ii) The proposed structure is ratiometric
and robust to PVT variations. (iii) It is not impacted by the
statistical offset of the OTA because of the offset-insensitive
switching scheme. Indeed, the charges at node VAMP,IN− are

Q1 = −

N+∑
i=1

C+,i (VBUF+,i − VAMP,IN−)

−

N−∑
j=1

C−, j (−VAMP,IN−)+CFB(VAMP,IN−−VCM) (1)

for φ1,SC = 1, with N+ and N− the number of positive and
negative-weighted inputs, and

Q2 = −

N−∑
j=1

C−, j (VBUF−, j − VAMP,IN−)

−

N+∑
i=1

C+,i (−VAMP,IN−)+CFB(VAMP,IN−−VMAC) (2)

for φ2,SC = 1. Interestingly, the resulting expression for VMAC
based on the conservation of charge at node VAMP,IN−, i.e.,
Q1 = Q2, does not depend on the value of VAMP,IN− when
φ1,SC = 1 and, therefore, is independent of the OTA’s offset.

Furthermore, the implementation of the 4b weights is given
in Fig. 11(d), with the most-significant bit (MSB) W[3]
corresponding to the sign bit and least-significant bits (LSBs)
W[2:0] to the magnitude bits. The sign bit determines which
signals control the connections at the input of the MAC unit,
while the magnitude bits determine the number of 7-fF unitary
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Fig. 14. (a) Schematic, (b) timing diagram, and (c) layout of the 8b SAR ADC spanning over 16 columns of the analog memory. Detailed schematic of
(d) the dynamic comparator, consisting of two preamplification stages and a latch, and (e) the CDAC, employing the split-MSB and -array techniques.

MOM caps CU connected in parallel in each MAC unit. This
circuit thus implements integer weights ranging from −7 to 7,
multiplied by a factor 0.25×, originating from the fact that
each column includes a part of the feedback cap CFB equal to
4CU . The MAC unit fits inside the pixel pitch and occupies a
height of 28.85 µm [Fig. 11(e)].

The performance of these MAC units is characterized with
post-layout simulations in Fig. 12. First, Fig. 12(a) and (b)
corresponds to a setup in which eight MAC units have their
weight set to +7 with a shared input voltage VBUF,+, while the
other eight units have their weight set to −7 with input voltage
VBUF,−. The impact of local mismatch is studied in this context
with 103 Monte Carlo (MC) simulations. Across the input
range 1VBUF = (VBUF,+ − VBUF,−), the σ of VMAC remains
below 1 mV, while that of VAMP,IN− is affected by the statistical
offset of the OTA, leading to a 2.5-mV σ . More specifically,
for 1VBUF = 0.3 V, the proposed offset-insensitive structure
reduces the σ by 14.2× from 2.55 to 0.18 mV. However,
this first setup only accurately describes a specific realization
of input voltages and weights. Therefore, Fig. 12(c) and (d)
extends this analysis to a baseline of 104 random combinations
of inputs and weights drawn from uniform distributions, with
local mismatch and intrinsic noise subsequently applied on top
of it. In the VMAC output range between 0.15 and 1.05 V, avoid-
ing transistors to be biased outside of saturation, the average
error in Fig. 12(c) shows a deterministic behavior hinting at a
slope error, which can be related to parasitic capacitances or
charge injection, while the average standard deviation of the
error over the considered output range increases from 0.42 mV
to, respectively, 0.80 and 0.74 mV with local mismatch and
intrinsic noise. These variabilities are predominantly due to
the mismatch of MOM caps and the thermal kT/C noise
due to the sampling of input voltages on the caps in the
MAC units. These results demonstrate the robustness of the

Fig. 15. (a) Transfer function of the SAR ADC with the corresponding
(b) DNL and (c) INL. (d) Power consumption on VDDAL = 1.2 V (CDAC,
comparator, and drivers) as a function of the input voltage. (e) Statistical
offset of the StrongARM latch referred to the input of the first preamplifier.
All figures correspond to the TT 25 ◦C corner.

proposed architecture to these analog nonidealities. However,
Fig. 13 highlights one of the architectural details which could
be further improved. As emphasized in Fig. 13(a), when one
of the magnitude bits is equal to zero, a leakage current
flows through the TG, implemented with high-speed low-
Vth (LVT) core devices with a minimum length of 120 nm.
Hence, this introduces a stochastic error on VMAC when both
local mismatch and global process variations are considered,
with an average σ around 7.46 mV [Fig. 13(b)] compared to
0.80 mV with mismatch only. To mitigate this problem, the
transistors constituting the TG can either be made longer or
rely on low-leakage high-Vth (HVT) core devices, respectively,
reducing the average σ to 2.12 and 0.40 mV. Interestingly, the
0.40-mV σ obtained with an HVT TG is even lower than
the one obtained with local mismatch only with the LVT TG,
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Fig. 16. (a) Chip microphotograph with overlaid layout. (b) Example
of captured images with an exposure time of 20 ms and (c) imaging
characteristics of the proposed imager.

Fig. 17. (a) Output code, (b) PRNU and TN, and (c) SNR as a function
of illuminance, computed for ten images for each illuminance. (d) Power
breakdown in imaging mode. All figures correspond to an exposure of 20 ms.

suggesting that the sensitivity to local mismatch not only stems
from MOM caps, but also from the TG leakage.

3) SAR ADCs for Aggregation and Digitization: The SAR
ADCs employed in this work follow the topology presented
in Fig. 14(a) with the associated timing diagram shown in
Fig. 14(b). Similar to the SC amplifiers, each SAR ADC
spans 16 pixel columns [Fig. 14(c)]. The two main functions
of the SAR ADC employed in this work are as follows: (1)
the aggregation of psums by charge sharing, following the
calculation of the psums of rows by the SC amplifiers and (2)
the A2D conversion of the convolution result, following the
SAR principle. In terms of circuit implementation, the detailed
comparator architecture in Fig. 14(d) features two differential
preamplification stages based on a differential pair driving
a load of diode-connected transistors and providing a total
gain of approximately 10 V/V. These stages both embed AZ
capabilities based on caps at their output and are followed by a
dynamic StrongARM latch. In addition, the CDAC combines
two existing techniques to reduce its power and area over-

heads. First, it relies on a split-MSB array [16], based on two
identical DACs for the MSB and all the LSBs, respectively,
called MSB DAC and main DAC in Fig. 14(c)–(e). More
specifically, as illustrated in Fig. 14(b), the MSB DAC is
initially switched to VDD. Then, when the output data DOUT
of the comparator is equal to zero, the current bit of the MSB
DAC is switched to ground, whereas when DOUT is equal to
one, the current bit of the main DAC is switched to VDD.
This allows to harmonize power consumption across the input
voltage range by optimizing the switching of the DAC. Then,
it also makes use of a split-capacitive array [17], employing
an attenuation cap CA in Fig. 14(e) to reduce the impact of
the LSBs, ultimately allowing to diminish the capacitance of
the MSBs. Besides, possible further improvements in terms of
EE and silicon area can be obtained by employing parasitic
caps instead of explicit MOM ones, as outlined by Harpe [18].
Interestingly, in the RoI detection mode generating 1b fmaps,
the offset associated with each filter is also implemented with
the CDAC, by switching up (resp. down) bits of the main (resp.
MSB) DAC to implement a positive (resp. negative) offset.

Regarding the post-layout simulation results in typical con-
ditions (TT 25 ◦C) in Fig. 15, a relatively good linearity is
achieved in Fig. 15(a), with the differential nonlinearity (DNL)
comprised between −0.07 and 0.55 LSB, and the integral
one (INL) between −1.17 and 0.62 LSB [Fig. 15(b) and (c)].
Regarding power consumption, it is relatively constant across
the input voltage range because of the split-MSB CDAC, with
a mean value of 3.59 and 3.78 µW in pre- and post-layout
simulations [Fig. 15(d)]. At last, the input-referred statistical
offset of the comparator features a ±3σ value of 1.62 mV cor-
responding to 0.35 LSB, hence ensuring that the comparator
operation is robust to local mismatch [Fig. 15(e)].

IV. EXPERIMENTAL RESULTS

MANTIS imager SoC has been fabricated in UMC 0.11-µm
bulk CMOS technology. The chip microphotograph is shown
in Fig. 16(a), together with the examples of captured images
in Fig. 16(b). This section presents the experimental results
obtained with the fabricated chip, respectively, focusing on
the characterization of the image sensor in Section IV-A
and of the mixed-signal near-sensor convolution processor in
Section IV-B. Finally, the applicative performance is evaluated
on a face RoI detection task in Section IV-C.

A. Imaging Performance

We first characterize the performance of MANTIS in imag-
ing mode with the results summarized in Figs. 16(c) and 17.
This characterization is performed by exposing the imager to
an uniform light flux, generated by an Olympus KL 1500 halo-
gen light source going through an integrating sphere and by
capturing ten images for each light flux level. The transfer
function between the imager 8b output code and the light flux
per unit area, i.e., the illuminance expressed in lm/m2 or lx,
is depicted in Fig. 17(a). It highlights that, for a 20-ms expo-
sure time, the usable illuminance ranges from 120 to 1500 lx.
In addition, the transfer function levels off at low illuminance
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Fig. 18. Comparison between ideal and measured fmaps, respectively computed in software (MATLAB) and on chip, obtained by a convolution operation
between the image and two random 4b 16×16 filters. The parameters used for this operation are S = 2, DS = 1, 2, or 4, and an exposure time of 12.5 ms.
The RMSE for each fmap is written below it, and the error map corresponds to the fmap with the worst RMSE among the displayed ones.

TABLE I
SUMMARY OF THE MEASURED PERFORMANCE OF MANTIS IMAGER SOC IN CONVOLUTION MODE FOR FOUR FILTERS (12.5-ms EXPOSURE TIME)

due to the relatively low photocurrent values compared with
leakages inside the pixel, the photoresponse of the n+/psub
diodes available in this CMOS logic process being far from
optimal compared with a CMOS image sensor (CIS) process.
Next, Fig. 17(b) evaluates two types of noise affecting the
image quality, namely, photoresponse non-uniformity (PRNU),
capturing the variability of pixel responses to light due to
mismatch, and temporal noise (TN). PRNU and TN are worth
2.44 and 0.75% of the full scale (FS) at 50% of the FS and
correspond to a signal-to-noise ratio (SNR) slightly above
20 dB in the usable illuminance range, dominated by the
PRNU [Fig. 17(c)]. Taking a more theoretical perspective, the
voltage noise due to thermal noise at the output of the DRS
units can be expressed as

vn =
√

2kT

√
A2

SF

CPD
+

1
CS

(3)

with CPD = 12.2 fF the pixel capacitance, CS = 29 fF the
sampling capacitance, and ASF = 0.69 V/V the gain of the
pixel’s SF. This yields vn = 0.78 mV at 25 ◦C corresponding
to a 0.65% error with a 1.2-V dynamic range of VPIX, which is
in the same order of magnitude as the TN in Fig. 17(b). A 4T
pixel array could easily be integrated to the proposed design
by switching to pinned photodiodes and modifying the digital

Fig. 19. (a) Illustration of sequential and parallel exposure and convolution.
Measured (b) frame rate and (c) energy per 1b operation (SoC) for the
sequential and parallel executions and for different DS and S configurations,
four filters, and a 12.5-ms exposure time.

controller, and would reduce the contribution of TN because of
correlated double sampling (CDS). The imaging characteristics
are summarized in Fig. 16(c). Finally, Fig. 17(d) describes
the power consumption of the imager for a frame rate of 29
fps. Power is dominated by the digital part, which represents
78% of the 335.6-µW SoC power, with the following split:
38% for the imager controller, 25% for the CPU, and 13%
for data transfers by the DMA. It could easily be reduced
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by moderately scaling VDDD to 1 V or by making use of
power-gating techniques. The power of the analog circuitry
only amounts to 22% of the SoC power, with most of it
(17%) being consumed by the pixel array and DRS units
supplied at 2.5 V, while the remaining 5% correspond to
SAR ADCs supplied at 1.2 V. The SoC power corresponds
to an energy per pixel of 706.3 pJ/(pix·frame), which is larger
than state-of-the-art values for low-power imagers, typically
ranging from 100 to 300 pJ/(pix·frame) [13]. Nonetheless, this
is perfectly normal, as our SoC is not optimized for imaging,
and as imagers usually do not include a CPU and a DMA.

B. Electrical Characterization of Near-Sensor Convolutions

To validate the proper operation of the mixed-signal convo-
lution processor, two aspects need to be thoroughly quantified
as follows: 1) the quality of the fmaps computed by the chip
with respect to an ideal execution in software [Fig. 18] and
2) the throughput and EE of the MAC operations, at the
accelerator and SoC levels [Figs. 19–21]. This analysis must
cover the different configurations of the proposed convolution
processor in terms of image DS factor and filter stride S.
For the characterization of throughput and EE, we rely on
the benchmarking outlined by Shanbhag and Roy [19] in
the context of IMC, which shares striking similarities with
convolutional imagers, except that IMC is weight-stationary,
while convolutional imagers are input-stationary. The concept
of ADC column originates from this article and corresponds
in this work to a group of 16 columns of the analog memory
feeding 16 MAC units, connected to an SC amplifier and an
8b SAR ADC.

We start by comparing ideal fmaps with measured ones
based on two important steps. First, fmaps need to be normal-
ized, as the pixel values of the 8b 128×128 image used in the
ideal software execution in MATLAB do not reflect the analog
values employed on chip by the convolution processor. This
difference stems from the various multiplicative factors applied
to raw pixel voltages in the blocks constituting the convolution
pipeline. For a given fmap denoted as f , the normalized fmap
denoted as f̂ is computed as

f̂ =

[
f − µ( f )

]
σ( f )

(4)

thereby ensuring that the mean µ and the standard deviation
σ of the resulting fmap are, respectively, equal to zero and
one. The second important step is the metric used to assess
the quality of the computed fmap. Here, we rely on the root-
mean-square error (RMSE) calculated as

RMSE =
100%

2max(| f̂ meas|)

√√√√√ 1
N 2

f

N f∑
i=1

N f∑
j=1

(
f̂ ideal,i j − f̂ meas,i j

)2

(5)

where f̂ ideal and f̂ meas are, respectively, the normalized ideal
and measured fmaps, and N f is the fmap size, obtained from

N f =

(
128
DS

− F
)

1
S

+ 1 (6)

Fig. 20. Breakdown of (a) the total SoC power and (b) the power of the
analog macro and digital data transfers. Energy per 1b operation for (c) the
SoC and (d) the accelerator. All figures correspond to a parallel exposure
and convolution, different DS and S configurations, four filters, and a 12.5-ms
exposure time and present measurement results. The fraction of power due to
the imager controller in (a) and (c) is estimated based on physical simulations.

Fig. 21. For sequential exposure and convolution, DS = 1, S = 2, and a
12.5-ms exposure time, measured (a) frame rate, EE at the SoC and accelerator
levels, and (b) energy per 1b operation with the number of filters.

Fig. 22. Training pipeline of the face RoI detector, based on a quantized CNN
trained with QKeras and a TensorFlow backend (ideal software execution).
The frame rate is 27 fps and is dominated by the duration of the convolution
operation rather than by the exposure time.

with F = 16 the filter size. The characterization is performed
over ten images, among which nine are part of the KODAK
dataset of natural images, and with ten 4b-weighted filters
drawn from a uniform distribution. Table I details the RMSE
results. It indicates that the RMSE is comprised between 3.01
and 11.34%, and that it tends to degrade for smaller fmaps
with a larger DS factor and/or a larger filter stride. This is quite
intuitive to understand, given that (5) relies on max(| f̂ meas|)

to approximate the range of values contained in an fmap and
is, hence, sensitive to errors in large values of f̂ meas. However,
we believe that the proposed metric provides both an intuition
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TABLE II
COMPARISON TABLE OF STATE-OF-THE-ART MIXED-SIGNAL VISION CHIPS

and a quantification of the magnitude of the error, despite
these inaccuracies. A few fmaps are displayed in Fig. 18
with the corresponding RMSE, as well as an error map for
the fmap with the worst RMSE among the displayed ones.
It reveals that the measured fmaps strongly resemble the ideal
ones and properly capture the image features. Errors are barely
noticeable with the naked eye and consist of slightly different
values between fmaps.

Then, we turn to the assessment of the throughput and EE
of the MAC operations. We first introduce the throughput as

Throughput = fps · Nfilt · N 2
f · (2 · F2

· DS2) (7)

where Nfilt corresponds to the number of filters. This definition
of the throughput does not account for the resolution of the
inputs and weights involved in the MAC operations. Next,
we can define the energy per 1b operation as

Energy/OP =
Power

fps · Nfilt · N 2
f · (2 · F2 · DS2) · (BX · BW )

(8)

where BX and BW , respectively, stand for the resolution of
the inputs and weights. In the proposed SoC, MAC operations
are based on analog inputs and 4b weights. Hence, we use
BX = 1 and BW = 4, even though using BX equal to the
effective number of bits (ENOB) at the input of the MAC units
could be possible to compare the results with accelerators,
such as IMC ones, for which the resolution of inputs is clearly
defined. Throughput can also be normalized to 1b operations
by multiplying its expression in (7) by BX · BW .

Fig. 19(a) illustrates different cases regarding how the
exposure and convolution operations intertwine. A sequential

execution is inefficient, as pixels can start being exposed
as soon as they have been stored in the analog memory.
Therefore, a parallel execution is preferable. The current
version of the imager controller only supports the case in
which the exposure time Texp is longer than the duration of
the convolution operation Tconv (case 2), but could easily be
modified to support a parallel execution for Texp < Tconv
(case 3). This modification would be beneficial from an
applicative standpoint, as it would allow to maximize the frame
rate in all the configurations of the accelerator. Fig. 19(b)
and (c) corresponds to an execution with four filters and a
12.5-ms exposure time for all possible configurations of DS
and S. Fig. 19(b) reveals that a higher frame rate can be
achieved with parallel execution, the limit being the exposure
time. In terms of energy/OP at the SoC level, the parallel
execution yields a reduction of 12 to 44% with the strongest
reductions attained for small DS and S.

Besides, Fig. 20 presents the breakdowns of the power
consumption and energy/OP at the levels of the accelerator and
of the SoC. Regarding the SoC power [Fig. 20(a)], it ranges
from 245 to 379 µW. The CPU and imager controller have a
relatively constant consumption around 0.2 mW across config-
urations, while the consumption related to the analog circuitry
and data transfers is highly dependent on the configuration
[Fig. 20(b)]. The power on VDDAL and of the DMA declines
for a larger DS and/or S, as N f becomes smaller, while the
power on VDDAH and of the DCMI remains fairly constant.
The former is indeed related to the pixel readout and DS3
units and does not change as the frame rate is the same for all
configurations except for DS = 1 and S = 2. This is the case,
because a parallel execution is employed, and the frame rate
is limited by the exposure time as in Fig. 19(a). The latter is
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related to internal switching of the DCMI and does not account
for the I/O power, which would, otherwise, scale with the
amount of data, similar to the DMA. Therefore, the energy/OP
at the SoC level [Fig. 20(c)] goes from 0.22 to 6.43 pJ and
degrades for large strides, as the power is amortized over a
smaller number of operations. Finally, the energy/OP at the
accelerator level [Fig. 20(d)] is comprised between 12 and
201 fJ, corresponding to an EE of 84.09 and 4.98 TOPS/W.
Fig. 20(d) and Table I further reveal that the energy/OP
at the accelerator level improves with a larger DS, as the
filter is applied to a larger number of pixels in the original
image because of the DS operation. Interestingly, the two
key features to achieve a high EE at the accelerator level are
the power gating of OTAs and the amortization of the MAC
operation energy over a large number of pixels because of
image DS.

Finally, Fig. 21 studies the impact of the number of filters
Nfilt on the frame rate, EE, and energy/OP, for sequential expo-
sure and convolution. Fig. 21(a) highlights that increasing Nfilt
causes the frame rate to drop, as Tconv becomes longer while
Texp remains constant, and that the accelerator EE remains
relatively constant, while the SoC one slightly improves, as the
fraction of time without convolution operations decreases,
and the digital power is amortized over a larger number of
operations. The same trend is reflected by the energy/OP at
the SoC level in Fig. 21(b).

C. Face Region-of-Interest Detection

This last experiment consists in demonstrating the operation
of MANTIS in a face RoI detection use case. The structure
and training pipeline of the RoI detector, implemented as a
quantized CNN, are illustrated in Fig. 22. The first part of the
RoI detector is a convolution layer executed on chip, using
16 4b 16×16 filters and 8b offsets, and operating over the
image downsampled by 2×. It is followed by an off-chip fully
connected (FC) layer with 8b weights, combining 1b fmaps
to generate a 1b RoI detection map. Most of the workload
is executed on chip, with 20.48 million operations in the
convolution layer against 21.25 thousands in the FC one. Note
that an ad hoc digital accelerator could realize the FC layer on
chip. An interesting feature of this detector is that it reduces
the data that need to be transmitted off chip to 7.63% of
the raw 8b image, thus cutting down the I/O bandwidth by
13.1×. As the EE at the SoC level for a sequential execution
is 4.57 TOPS/W [Table I] and the difference between the two
execution types does not exceed 44% [Fig. 19(c)], we expect
the EE for a parallel execution to be above 2.56 TOPS/W.
The network is trained with QKeras on a dataset consisting of
background and face images used by Moons et al. [20] and
achieves false and true negative rates (FNR and TNR) of 8.5
and 96.9% on the test set, respectively, for an ideal software
execution. At last, Fig. 23(a) shows the detailed results of one
of the test images and provides the overall performance over
the ten test images. MANTIS achieves an 11.5% FNR while,
respectively, discarding 81.9% and 81.3% of image patches
for the ideal and measured executions. These results are in

Fig. 23. (a) Measured face RoI detection results, with details of a single test
image and overall results for the ten test images. (b) Face RoI results over
four additional test images.

line with the software execution but with a slight degradation
coming from the fact that images generated by the imager are
different from the ones in the dataset. Fig. 23(b) displays the
face RoI results over four additional images, with a measured
percentage of discarded image patches between 76.5 and
84.3%, and a single discarded face. Interestingly, the overall
performance remains largely similar, whereas RoI detection
maps are different for the ideal and measured executions,
due to the adaptation of the biases of the convolution layer
in measurement and an approximate modeling of raw pixel
voltages’ transformations inside the convolution pipeline.

V. COMPARISON WITH THE STATE OF THE ART

In this section, we compare our work with the state of
the art of mixed-signal vision chips in Table II and with
other relevant accelerators. The proposed SoC relies on a 3T
APS with DRS to compensate FPN. This a key enabler to
achieve a 6.03-µm pixel pitch and a 54% fill factor, which
are superior to the existing vision chips, especially in-sensor
ones for which the pixel pitch usually exceeds 30 µm. In terms
of functionality, MANTIS is the first work to combine large
16×16 filters, a 4b weight resolution, and operation at multiple
scales, making it suitable for medium-complexity vision tasks,
such as RoI detection. The charge-domain MAC operations
computed by the accelerator have an EE normalized to 1b
operations (1b EE) between 4.98 and 84.09 TOPS/W, so 2.4×

better than [3]. This information is however missing from other
works, which only report EE at the SoC level. The 1b EE at
the SoC level ranges from 0.16 to 4.57 TOPS/W and is on
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par or better than the existing works [7], [9], while, respec-
tively, supporting a larger filter size and an increased weight
resolution. Regarding the processing energy, it is larger than
for other works, as this metric does not account for the filter
characteristics. Next, let us compare near-sensor and hybrid
vision chips. The latter usually present larger pixels, which
contain registers to store weights [9], or large caps to store
and read pixel values [10]. Regarding double sampling, it is
possible when the readout is voltage-based [10] but not when
photocurrents are used [9]. Finally, near-sensor vision chips
are generally more flexible, as different configurations of the
mixed-signal processor can easily be implemented. In contrast,
hybrid architectures often involve hardwiring of connections
between pixels and either require to move weights in the pixel
array [9] or to combine row and column signals [10]. These
architectural features thus limit the use of hybrid vision chips
to specific applications.

Let us now consider other types of convolution acceler-
ators, starting with those for which the digital control is
implemented with an FPGA (not included in the power
consumption). Two relevant works employ charge-domain
computations, either using IMC with analog inputs and 1b
weights [21] or in-column SC amplifiers with 3b weights,
followed by ADCs performing a nonlinear quantization [22].
Their 1b EE at the accelerator level is, respectively, 1.25 and
0.017 TOPS/W, which is approximately 4× lower than the
worst case EE obtained with MANTIS. Other works have
their digital control embarked on chip. First, Abedin et al.
[23] propose a current-domain in-sensor processor with 2b
weights based on resistive RAM and attaining a 1b EE
of 2.98 TOPS/W. Then, Wang et al. [24] feature a hybrid
optical-electronic CNN processor with 1b weights, realizing
the first convolution layer with a mask in the optical domain
and reaching a 1b EE of 0.37 TOPS/W. Finally, Eki et al.
[25] introduce a digital CNN processor stacked on an image
sensor exhibiting a peak EE of 4.97 TOPS/W for 8b and 32b
integer operations. MANTIS is on par with [23] and [24] in
terms of EE, but offers more flexibility with its programmable
convolution parameters. However, it is not as efficient as [25],
leveraging the performance improvements due to scaling.

VI. CONCLUSION

In this work, we presented MANTIS, a mixed-signal near-
sensor convolutional imager SoC intended for FE and RoI
detection. It is the first mixed-signal vision chip to combine
large 16×16 filters with 4b weight resolution, operation at
three different scales, and DRS to remove FPN and improve
computational accuracy. MANTIS is enabled by two main
circuit innovations. First, DS3 units combine DRS, voltage
downshifting, and image DS. Next, near-sensor MAC opera-
tions are computed in the charge domain, using SC amplifiers
to compute psums and charge sharing in the CDAC of the
SAR ADCs to aggregate psums and compute the convolution
result. MANTIS, respectively, reaches peak EEs normalized
to 1b operations of 4.57 and 84.09 TOPS/W at the acceler-
ator and SoC levels, while producing fmaps with an RMSE
between 3.01 and 11.34%. Finally, face RoI detection was

demonstrated with an FNR of 11.5%, while discarding 81.3%
of image patches and reducing the imager output data to 7.63%
of the raw image. This work demonstrates that near-sensor
vision chips can successfully tackle tasks requiring a higher
resolution of inputs and weights, as opposed to in-sensor
vision chips, which are currently limited to noisy inputs and
low-resolution weights. Further works should focus on the
digital part of the SoC, albeit some analog blocks could also
benefit from the utilization of more advanced techniques. New
opportunities for the implementation of mixed-signal vision
chips also arise from 2.5-D/3-D packaging.
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