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Abstract: Light Detection and Ranging (LiDAR) technology, a cutting-edge advancement in mobile 1

applications, presents a myriad of compelling use cases, including enhancing low-light photography, 2

capturing and sharing 3D images of fascinating objects, and elevating the overall augmented reality 3

(AR) experience. However, its widespread adoption has been hindered by the prohibitive costs and 4

substantial power consumption associated with its implementation. To surmount these obstacles, 5

this paper proposes a low-power, low-cost, SPAD-based system-on-chip (SoC) which packages the 6

microlens arrays (MLA) and incorporates with a light-weight RGB-guided sparse depth imaging 7

completion neural network for 3D LiDAR imaging. The proposed SoC integrates an 8x8 Single- 8

Photon Avalanche Detectors (SPADs) macro pixel array with time-to-digital converters (TDC) and 9

charge pump, fabricated using a 180nm bipolar-CMOS-DMOS (BCD) process. A random MLA- 10

based homogenizing diffuser efficiently transforms Gaussian beams into flat-topped beams with a 11

45° field of view (FOV), enabling flash projection at the transmitter. To further enhance resolution 12

and broaden application possibilities, a lightweight neural network employing RGB-guided sparse 13

depth complementation is proposed, enabling a substantial expansion of image resolution from 14

8x8 to quarter video graphics array level (QVGA; 256x256). Experimental results demonstrate the 15

effectiveness and stability of the hardware encompassing the SoC and optical system, as well as 16

the lightweight features and accuracy of the algorithmic neural network. This integrated state- 17

of-the-art hardware-software solution offers a promising and inspiring foundation for developing 18

consumer-level 3D imaging applications. 19

Keywords: LiDAR, 3D imaging, System on chip, Microlens array, Neural network, RGB-guided, 20

Depth completion 21

1. Introduction 22

The SPAD-based solid-state LiDAR systems, exhibiting a broad array of applications, 23

outperforms traditional rotating LiDAR and Microelectro-Mechanical Systems (MEMS) Li- 24

DAR. This superiority arises from their remarkable mechanical stability, high-performance 25

characteristics, and cost-effectiveness. In contrast to Indirect Time-of-Flight (iToF) systems[1, 26

2], which suffer from limited measurement distances (<20 m), substantial power consump- 27

tion (tenfold that of Direct Time-of-Flight, dToF), and convoluted calibration algorithms, 28

dToF imaging system offers a more promising solution. By combining the single-photon 29

sensitivity of SPADs with the picosecond-level temporal resolution of TDCs, dToF systems 30

enable long-range object measurement and centimeter-level depth resolution[3]. Conse- 31

quently, dToF establishes itself as the predominant technological trajectory for the forthcom- 32

ing generation of 3D imaging. The capability of measuring depth enables solid-state LiDAR 33

to excel in numerous applications, from floor-sweeping robots and facial recognition for 34

consumers to autonomous driving and 3D building modeling in the industrial domain[4]. 35
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As LiDAR technology advances towards more compact system designs, the increased SPAD 36

imaging sensor pixels, and depth-RGB image fusion are anticipated to become primary 37

issues to addressed. 38

3D depth imaging employing SPAD technology currently faces certain restrictions, 39

including low spatial resolution, suboptimal effective optical efficiency (i.e., fill factor), 40

and elevated costs. These limitations also impede the expansive array of applications for 41

dToF LiDAR systems. Although recent research advancements indicate that SPAD arrays 42

can achieve QVGA (320x240) resolutions and even higher (512x512), with prospective ad- 43

vancements targeting Video Graphics Array (VGA, 640x480) resolutions, the pixel number 44

remains markedly inferior to traditional Contact Image Sensor (CIS) technology[5–8]. Ap- 45

ple LiDAR (256x192) and Huawei P30 (240x180) exemplify the potential of dToF technology 46

in the consumer market, yet the resolution disparity persists. To address this challenge, the 47

3D stacking technique has been proposed, which positions the back-illuminated SPAD array 48

on the top tier and the readout control circuits on the bottom tier[9]. This configuration 49

allows researchers to enhance the resolution to 512x512[10]. However, the considerable 50

costs associated with this technique have impeded its development and subsequent appli- 51

cations. At present, no effective solutions have been identified to surmount this obstacle in 52

the realm of circuit design. 53

The inherent limitations of consumer-grade LIDAR technology, specifically its low 54

resolution and high cost, have long been recognized within the industry. As 3D sensing 55

technology advances, consumer-grade RGB-D cameras (e.g., Intel RealSense, Microsoft 56

Kinect) have gained popularity owe to their ability to capture color images and depth 57

information simultaneously, then recovering 3D scenes at a lower cost. Motivated by 58

this development, researchers have explored RGB-guided depth-completion algorithms to 59

reconstruct depth-density maps from sparse depth data obtained by dToF depth sensors 60

and color images captured by RGB cameras, with the goal of predicting low-cost LiDAR- 61

generated high-resolution scenes[11]. The authors[12] introduce a normalized convolution 62

layer that enables unguided scene depth completion on highly sparse data using fewer 63

parameters than related techniques. Their proposed method treats validity masks as a 64

continuous confidence field and presents a new criterion for propagating confidences 65

between CNN layers. This approach allows for the generation of point-wise continuous 66

confidence maps for the network output. The authors[13] propose Convolutional Spatial 67

Propagation Networks (CSPN), which demonstrate greater efficiency and accuracy in 68

depth estimation compared to previous state-of-the-art propagation strategies, without 69

sacrificing theoretical guarantees. Liu et al.[14] proposed an architecture, the differentiable 70

kernel regression network, which consists of a CNN network that learns steering kernels 71

to replace hand-crafted interpolation for performing the coarse depth prediction from the 72

sparse input. 73

Gaussian beams play a significant role in various applications, including lidar, optical 74

communication, and laser welding[15]. However, in flash LIDAR and laser TV projection, 75

it is essential to homogenize Gaussian beams into flat-topped beams. Common techniques 76

to generate flat-top beams include MLA, diffractive optics (DOE), and free-form mirror sets. 77

Among these technologies, MLA-based beam homogenizers have garnered considerable 78

interest, particularly in compact consumer devices, owing to their unique properties. 79

MLA can divide a non-uniform laser into multiple beamlets, which can subsequently be 80

superimposed onto a microdisplay with the assistance of an additional lens[16]. As a result, 81

MLA diffusers display independence from the incident intensity profile and a wide spectral 82

range. In 2016, Jin et al.[17] proposed enhancing homogeneity in the homogenizing system 83

by substituting the first MLA with a free-form MLA. Each free-form surface within the 84

MLA introduced suitable aberrations in the wavefront, redistributing the beam’s irradiance. 85

In the same year, Cao et al.[18] presented a laser beam homogenization method that 86

employed a central off-axis random MLA. By adjusting the off-axis quantity of the center, 87

the MLA’s periodicity was disrupted, eliminating the periodic lattice effect on the target 88

surface. In 2019, Liu et al. [19] designed a continuous profile MLA featuring sub-lenses 89
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with random apertures and arrangements. This innovation facilitated a breakthrough in 90

beamlet coherence, achieving a simulated uniformity of 94.33%. Subsequently, in 2020, Xue 91

et al.[20] proposed a monolithic random MLA for laser beam homogenization. During 92

this homogenization process, the coherence between sub-beams was entirely disrupted, 93

resulting in a homogenized spot with a high energy utilization rate. 94
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Figure 1. The proposed low-cost, light-weight SPAD-based SoC With micro-lens array and RGB-guide

256x256 depth completion for 3D LiDAR imaging.

In an effort to enhance the resolution of low-pixel depth sensors and broaden the 95

application scope of sparse-pixel, low-cost ranging sensors, we propose a SPAD based 96

LiDAR with micro-optics device and RGB-guided depth-complemented neural network to 97

upsample the resolution from 8x8 to 256x256 pixels as shown in Fig. 1. This light-weight, 98

SPAD-based dToF system is ideal for LiDAR applications.In this work, the developed 99

sparse-pixel SoC is fabricated by the 130nm BCD process. The high Photon Detection 100

Probability (PDP) SPAD and picosecond TDC ensure that the system effectively achieves 101

millimeter-level measurement accuracy in indoor scenarios. The sensor integrates of a 102

16x16 SPAD array, which can be divided into 2x2 areas at high frame rates for ranging 103

or 8x8 at low frame rates for imaging. Subsequently, we engineered an optical system to 104

facilitate imaging at the hardware level. Micron-scale random MLA were employed on 105

the transmitter to homogenize the Vertical-Cavity Surface-Emitting Laser (VCSEL) array’s 106

Gaussian beam into a flat-topped source with a 45° FOV. Free-form lenses were applied at 107

the receiver to align the SPAD array with a 45° FOV and enhance the resolution for sparse 108

imaging using the 8x8 array. To meet consumer-grade imaging requirements, an RGB- 109

guided depth complementation neural network was integrated into the system, improving 110

the resolution from 8x8 to 256x256 pixels (QVGA level). This cost-effective, light-weight 111

imaging system has a wide range of applications in distance measurement, basic object 112

recognition, and simple pose recognition. To validate the system, we conducted verification 113

tests on the SPAD, TDC, and SoC, as well as FOV and resolution tests on micro-optical 114

modules. Our self-developed RGB-guided Depth Completion neural network upsampled 115

and complemented 8x8 depth information by x32 to map the real world. The paper is 116

structured as follows: Section 2 presents the SoC implementation and key functional 117

components design; Section 3 discusses the optical system simulation and MLA design; 118
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Section 4 introduces the proposed RGB-to-Depth completion architecture; Section 5 reports 119

the results and discussion of Sections 2-4; and Section 6 provides conclusions and future 120

perspectives. 121

2. SOC Implement 122

Traditional LiDAR systems rely on a ranging framework in which the transmitter and 123

receiver operate as separate entities. A short laser pulse is illuminated by the transmitter, 124

which then undergoes diffuse reflection upon encountering an object before returning to the 125

receiver. Here, the SPAD captures the corresponding photons and subsequently produces 126

photon counts. This signal is conveyed through a multiplexed TDC, ultimately reaching the 127

Digital Signal Processor (DSP) for processing and generation of a time-dependent histogram. 128

However, the conventional architecture is encumbered by several limitations, such as 129

the challenging task of achieving picosecond-level pulsing and the system’s inherently 130

poor signal-to-noise ratio (SNR). We propose a highly integrated SoC based on a 130nm 131

BCD process, which integrates a SPAD readout circuit, high-voltage generation circuit, 132

picosecond pulse width laser driver, and ranging algorithm processor, as illustrated in 133

Fig. 2. This design offers superior temporal resolution and SNR compared to conventional 134

architectures, as well as significant cost advantages. The ranging SoC integrates two SPAD 135

pixel arrays, namely the signal SPAD array and reference SPAD array. Fig. 2 illustrates the 136

signal path for both pixel arrays within the ranging SoC. The high voltage of all SPADs 137

is generated in charge pump, which is linked to the HVDD. During pixel array testing, 138

the HVDD should be powered off-chip, and the charge pump should be deactivated to 139

mitigate its impact on the SPADs. In addition to the TDC array, the pixel array outputs 140

are connected to a test mux. Employing the Low-Voltage Differential Signaling (LVDS) 141

interface, high-speed pulse stop signals can be tested with appropriate configurations. 142
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Figure 2. Architecture of dToF LiDAR SoC.

Fig. 3 presents the architecture of the signal SPAD array and its associated readout 143

scheme. The signal SPAD array integrates a total of 256 SPAD pixels, organized in a 16x16 144

configuration, with each pixel exhibiting identical characteristics. As illustrated in Fig. 3(a), 145

the entire array is partitioned into four distinct regions, wherein each region functioning as 146

a macro-cell containing an 8x8 pixel array, connected through a logical tree. The macro- 147

cell readout scheme is illustrated in Fig. 3(b), wherein the outputs of the 64 pixels are 148

multiplexed collectively to generate a single stop signal. Consequently, the complete pixel 149

array possesses four outputs, designated as stop<3:0>, which correspond to the regional 150

definitions displayed in Fig. 3(a). An alternative simultaneous asynchronous approach can 151

subdivide the 16x16 array into 8x8 macro-pixels, with the primary objective of attaining 152

sparse imaging. However, this method results in a reduction of the system’s frame rate. 153

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 June 2023                   doi:10.20944/preprints202306.1664.v1

https://doi.org/10.20944/preprints202306.1664.v1


Version May 31, 2023 submitted to Sensors 5 of 15

2x2 

SPADS 

Macropixel

Logic
Tree 

I2C

Bus

(b)

Pixel out

<0>

Pixel out

<3>

(a)

Figure 3. Schematic of SPAD’s readout scheme. (a) Pixel circuit. (b) Logic of SPAD read out.
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Figure 4. Simplified block diagram of TDC array and the signal path.

Fig. 4 presents the simplified block diagram of the TDC array and its corresponding 154

signal path. In order to achieve a stable output, accounting for Process, Voltage, and 155

Temperature (PVT) variations, the Least Significant Bit (LSB) of the TDC is ascertained by 156

the Phase-Locked Loop (PLL). The TDC is partitioned into three distinct segments: Coarse, 157

Medium, and Fine TDCs. The Coarse counter operates by counting the phase-8 (p<8>) clock 158

of the PLL outputs, which is determined based on the setting of register d2a-tofclk-div<4:0>. 159

Concurrently, the start signal that controls the VCSEL driver is generated at an identical 160

frequency and synchronized with the counter. The stop signal samples the counter outputs, 161

subsequently generating bits 11-7 of the tdc-data. The Medium TDC is implemented 162

utilizing a sampler, which captures the output clock phases of the PLL, denoted as p<8:1>, 163

employing the stop signal. The outputs are then decoded into bits 6-4 of the tdc-data. 164

The stop signal, synchronized with the proximate phase by the Medium TDC (MTDC), 165

generates a sync signal for the Fine TDC (FTDC). Lastly, the FTDC further quantizes the 166

time difference between the sync and async (buffered stop signal) and generates bits 3-0 of 167

the tdc-data. This cascading arrangement of the Coarse, Medium, and Fine TDCs ensures 168

precise time measurement, contributing to the overall accuracy of the system. 169

3. Optical System and MLA 170

In active imaging applications, particularly for LIDAR systems, it is imperative to opti- 171

mize not only the receiver components, such as lenses and sensors, but also the transmitter 172

elements and the target object. This optimization process requires an in-depth understand- 173

ing of various factors, including the laser emission mode (flash or dot matrix) and the 174
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physical mechanism governing the object’s reflection. The optical model is constructed 175

by taking into account calculations derived from the optical power at the transmitter, the 176

single-pixel optical power budget at the receiver, and the lens system. This model can be 177

readily extended to encompass the entire array once the illumination pattern is known. 178

In the standard scenario, the illumination pattern along the detector’s field of view in 179

both horizontal and vertical directions is designed to match the FOV angle at the transmit- 180

ter. Employing complex physics can facilitate the incorporation of the optical model by 181

calculating the optical power density on the target surface. 182
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scattering

VCSEL
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SPAD

Array

FOV
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D

d a

f

Figure 5. Typical active imaging system model, using a Lambetian reflectance as target.

Fig. 5 presents a generic flash LiDAR model, in which the scene of interest is uniformly 183

illuminated by an active light source, typically a wide-angle pulsed laser beam. The 184

coverage area in the target plane is contingent upon the FOV of the beam. All signal 185

counting calculations are predicated on the lens focusing the reflected light energy back 186

to the SPAD array. To maximize the efficiency of returned energy throughout the field 187

of view, it is crucial to ensure a well-matched FOV between the transmitter and sensor. 188

Regarding the returned light, the target is assumed to be a diffuse surface-i.e., a Lambertian 189

reflector-which exhibits consistent apparent brightness to the observer, irrespective of the 190

observer’s viewpoint, and the surface brightness is isotropic. The active imaging system 191

setup is illustrated in Fig. 5, with the distance to the target as D, the lens aperture as d, 192

the focal length as f, the sensor height as a, and the area as Asensor. The reflected light 193

power, Ptarget, emanating from the target, is determined by the source power, Psource(D), 194

and the reflectance, ρtarget, of the object. The lens component encompasses the f-number 195

(f#=f/d) and FOV. Additionally, the light transmission rate, ηlens, of the lens and filter must 196

be considered. When treating the illumination light as square, the optical power model can 197

be articulated by Equation 1: 198

Preceived = Psource · ρtarget · (
d

2 · f
)

2

· ηlens ·
2 · Asensor

π
· (

1

2 · D · tan(FOV/2)
)2 (1)
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Transitioning from the optical power model to a photon counting model proves to be 199

more advantageous for system design and sensor evaluation. Consequently, the photon 200

counting model can be formulated as presented in Equation 2: 201

Npulse = Preceived ·
λ

Flaser · h · v
(2)

Where Flaser is the laser frequency, λ is the light source wavelength used, h is the 202

Planck’s constant (6.62607004 × 1034 J· s), and v is the speed of light (2.998 × 108 m/s). This 203

value defines the total number of photons per laser pulse that reaches pixel array. 204

The diffusion beam function of the laser diffuser is primarily achieved through the 205

micro-concave spherical structure etched on its surface. This micro-concave spherical 206

surface acts as a micro-concave lens, and the entire laser diffuser can be considered an 207

array of micro-concave lenses. Essentially, the diffused laser surface light source is a 208

superposition of the surface light sources emitted by each micro-concave lens. As illustrated 209

in Fig. 6(d), the laser diffuser diffusion diagram demonstrates the laser incident vertically 210

on the diffuser, with the laser beam diverging due to the influence of the micro-concave 211

lens. This forms a surface light source with a specific diffusion angle, which is associated 212

with the parameters of the micro-concave lens on the diffuser. In accordance with this 213

principle, this paper proposes the preparation of two types of MLAs: the random MLA, 214

illustrated in Fig. 6(b), suitable for generating a circular homogenized light spot; and the 215

rectangular MLA, presented in Fig. 6(c), designed to produce a rectangular homogenized 216

light spot. 217
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L
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Figure 6. (a) structural parameters of microlens unit; (b) rectangular MLA; (c) Random MLA; (d)

Schematic diagram of random microlens array; (e) Gaussian beams to flat-topped beams.

To elucidate the specific relationship between the characteristic parameters of the 218

micro-concave spherical structure and the diffusion angle, a deductive argument will be 219

presented from the perspective of geometrical optics. Ideally, the overall diffusion angle of 220

the laser beam after traversing the diffuser is equivalent to the diffusion angle of α single 221

sublens. To simplify the analysis of the diffusion angle in connection with the diffuser 222

structure parameters, the sublens diffusion process is examined individually. Fig. 6(a) 223

illustrates the diffusion diagram of the sub-lens, which involves two parameters: the hole P 224

and the radius of curvature R. By employing the lens focal length formula and geometric 225
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principles, the set of equations (3) is derived. By further simplifying the system of equations, 226

equation (4) can be obtained. 227

tanθ =
P

2 f
, | f | =

R

n − 1
(3)

θ = arctan
P(n − 1)

2R
(4)

where n is the refractive index of the micro-concave lens material and f is the focal 228

length of the micro-concave lens. If the parameters of the other sub-lenses are known, the 229

diffusion angle of the sub-lenses can be derived, which in turn yields the diffusion angle 230

of the laser diffuser. Equation (4) further reveals that the diffusion angle theta is directly 231

proportional to the aperture P of the micro-concave lens and inversely proportional to the 232

radius of curvature R. 233

4. Proposed RGB Guided Depth Completion Neural Network 234

The primary aim of our research is to accurately estimate a dense depth map, desig- 235

nated as Ŷ, derived from sparse LiDAR data (Y’) in conjunction with the corresponding 236

RGB image (I) serving as guidance. W denotes the network parameters. The task under 237

consideration can be succinctly expressed through the following mathematical formulation: 238

Ŷ = F(Y′, I;W), (5)

We implement an end-to-end network, denoted as F, to effectively execute the depth- 239

completion task in our study. The optimization function can be concisely represented in 240

the subsequent description: 241

Ŵ = arg min
W

L(Ŷ, Y′;W), (6)

L represents the loss function employed for the purpose. 242

In our proposed methodology, the network is divided into two distinct components: 243

(1) a depth-completion network designed to generate a coarse depth map from the sparse 244

depth input, and (2) a refinement network aimed at optimizing sharp edges while enhanc- 245

ing depth accuracy. We introduce an encoder-decoder based CNN network for estimating 246

the coarse depth map, as previously demonstrated in [13,14]. However, the aforemen- 247

tioned networks encounter two primary challenges. First, networks such as [12,14] employ 248

complex architectures to boost accuracy; nevertheless, their proposed networks are incom- 249

patible with most CNN accelerators or embedded DLAs. Second, networks like [13] utilize 250

ResNet-50[21] or other similar networks as the CNN backbone, resulting in a substan- 251

tial number of parameters (~240M) and posing implementation challenges on embedded 252

hardware. 253

To make the network easier to implement on the embedded systems, we explore two 254

optimization strategies: 255

1. We incorporate conv-bn-relu and conv-bn architectures, which are supported by the 256

majority of CNN accelerators and embedded NPUs. 257

2. To reduce the number of parameters, we adopt depthwise separable convolution, as 258

presented in [22], as the foundational convolution architecture. 259

4.1. Depthwise Separable Convolution 260

The architecture of depthwise separable convolution is illustrated in the Fig. 7. In 261

contrast to the conventional 3x3 2D convolution, depthwise separable convolution em- 262

ploys a 3x3 group convolution, referred to as depthwise convolution, and a 1x1 standard 263

convolution, known as pointwise convolution. 264
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Figure 7. Architecture of depthwise separable convolution.

For a standard convolution with a filter K of dimensions Dk × Dk × M × N applied 265

to an input feature map F of size D f × D f × M, the total number of parameters can be 266

computed as: 267

Dk × Dk × D f × D f × M × N, (7)

In the case of depthwise separable convolution, the total parameters are calculated as 268

follows: 269

D f × D f × Dk × Dk × M + M × N × Dk × Dk, (8)

Considering that the kernel size Dk for our network is 3 and the output channel N is 270

considerably larger than Dk × Dk, the standard convolution possesses a significantly higher 271

number of parameters in comparison to depthwise separable convolution. 272

4.2. Network 273

C
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Final Depth

Depth Completion 

Network
Refine Network

Figure 8. The propoesed RGB-guided depth completion network.

Different from the standard CNN network, we substitute the standard 3x3 convolution 274

with our depthwise separable convolution. Our network architecture is depicted in Fig. 275

8. Within the depth-completion network, we employ an U-net [23] network as our back- 276

bone. The encoder consists of 5 stages, each containing two types of depthwise separable 277

convolution blocks. One block performs downsampling by a factor of 2x using a stride 278

of 2, while the other extracts features with a stride of 1. The decoder is also consists of 5 279

stages. In the first 4 stages, feature maps are upsampled by 2x, followed by a convolution 280

operation with a stride of 1. These maps are then concatenated with the feature maps from 281

the corresponding encoder stage outputs, and processed by two subsequent convolution 282

blocks with a stride of 1. The final stage comprises an upsampling layer and a single 283

convolution block with a stride of 1. For the refinement network, we adopt the architecture 284

from [12], which has been demonstrated to possess the advantages of being light-weight 285

and exhibiting high performance. 286
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4.3. Loss Function 287

We train our network in two steps: In Step 1, we train our network using the L1 error 288

as our loss function. The loss function can be described as follows: 289

L1loss =
1

M ∑
i,j

(Yi,j > 0)|Ŷi,j − Yi,j| (9)

Where Yi,j denotes the ground truth at pixel (i, j), Ŷi,j represents the predicted depth 290

at pixel (i, j), and M stands for the total number of pixels with values greater than 0. 291

Upon completing the training of the network, we proceed to train the entire network 292

using a new loss function to optimize the boundary regions performance, which can be 293

described as follows: 294

L = w1L1 + w2L2 + w3Lgard (10)

In this equation, w1, w2, and w3 are hyperparameters. L1 is defined similarly to 295

Equation (5), L2 represents the masked mean squared error (MSE), Lgard stands for the 296

gradient error, which can be defined as: 297

L2loss =
1

M ∑
i,j

(Yi,j > 0)(Ŷi,j − Yi,j)
2 (11)

To achieve improved boundary performance, we incorporate depth gradient informa- 298

tion into our loss function, following [24]. The gradient loss function, Lgradloss, is described 299

below and penalizes the disagreement of depth edges in both vertical and horizontal 300

directions: 301

Lgardloss =
1

M ∑
i,j

|▽Ŷi,j − Yi,j| (12)

5. Results and discussion 302

This chapter will introduce the hardware, including the verification and testing of the 303

system-on-a-chip and optical modules, and also do a systematic analysis and verification of 304

the RGB-guided depth reconstruction imaging, which enables an efficient combination of 305

hardware and algorithms to achieve a light-weight and low-cost system for depth imaging 306

of indoor scenes. 307

5.1. System of Hardware 308

To accommodate the diverse scenarios and complex applications in indoor environ- 309

ments, the SOC based on micro-structured optical element packaging was tested using a 310

Lambertian reflector plate with reflectivities of 85% and 10%, respectively. As illustrated in 311

Fig. 9(a), under a 85% Lambertian reflector plate and an indoor lighting environment of 10 312

klux, the SOC achieves a maximum measurement distance of 6 m and a minimum measure- 313

ment distance of 0.2 m, while maintaining good precision (10%) within the measurement 314

range. Under the same conditions, the SOC with a 10% Lambertian reflector plate exhibits 315

a maximum measurement distance of 4 m and a minimum measurement distance of 0.2 316

m, demonstrating good precision (15%) throughout the measurement range. These two 317

scenarios encompass mainstream indoor applications and fully showcase the exceptional 318

performance of SOCs packaged with micro-structured optical components at the hardware 319

level. As illustrated in Fig. 9(c,d), the micro-structured optical elements encapsulated in 320

the SOC can perform 8x8 sparse depth imaging of objects at a distance of approximately 321

2 m, without any loss of depth information at the edges. This feature proves to be highly 322

beneficial for subsequent depth-completion algorithms. 323

Monte Carlo analysis and simulation were conducted to evaluate the performance 324

of randomly distributed microlens array (MLA) homogenizers. In the optical simulation 325
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model, the diffusion sheet dimensions are 4 × 4 mm with a 0.5 mm thickness. To ensure 326

consistency between the diffusion half-angle a of the effective illumination area calculated 327

by fluctuating optics and the micro-structural characteristics, the simulated microlens 328

aperture P is set to 40.4 µm, the radius of curvature R to 50 µm, and the selected material 329

is PMMA with a dielectric refractive index n=1.5. The detector is positioned at 100 mm 330

downstream of the diffusion sheet, material absorption characteristics are neglected, and 331

the diffusion effect is depicted in Fig. 9(b). From Fig. 9(b), it can be observed that the energy 332

distribution of the surface light source, obtained after the laser beam’s diffusion through 333

the diffuser, remains strong at the center and weak at the edges. However, the illumination 334

distribution curve is more uniform compared to the undiffused laser. Furthermore, an 335

energy utilization rate of up to 90% can be derived from the total power captured on the 336

detector. A diffusion half-angle of 22° in the full illumination region can also be determined 337

from the coordinates of the zero position of the detector’s Y-axis, which aligns with the 338

geometric optical description. 339

2 2 2 2 2 2 2 2

2 1 2 2 2 2 2 2

1 2 2 2 2 2 2 2

2 2 2 2 2 2 2 2

2 1 2 2 2 2 2 2

1 1 1 2 2 1 1 1

1 1 1 2 2 1 1 1

1 1 1 2 2 1 1 1

a b

c d

Figure 9. Verification of hardware. (a) Distance and precision at 85% and 10% reflectivity test

conditions; (b) The output of intensity distribution on the screen radiated by the MLA diffuser; (c)

Aligned depth sensor’s zones and color image; (d) 8 × 8 depth map.

5.2. Comparison of network performance 340

5.2.1. Dataset 341

To adapt our method for indoor hardware systems, we evaluate its performance 342

using the NYUv2 dataset [25], which consists of RGB and depth images gathered from 343

464 distinct indoor scenes. We employ the official split, utilizing 47k images for training 344

and 654 images for evaluation. For the purpose of comparing our network’s performance 345

with existing methods, we adopt data processing techniques akin to those described in 346
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[13,26]. The RGB-D images are subjected to downsampling and center-cropping, resulting 347

in a resolution of 304x228. Moreover, we randomly sample 500 depth points to serve as 348

the sparse depth input for our network. This strategy ensures a fair comparison with other 349

methods while preserving the integrity of our evaluation. 350

5.2.2. Metrics 351

We adopt the same metrics and use their implementation in [26]. Given ground truth 352

depth Y and predicted depth Ŷ, the metrics include: 353

1. RMSE: 354

√

1

M ∑
i,j

(Yi,j > 0)(Ŷi,j − Yi,j)2 (13)

2. Abs Rel: 355

1

M ∑
i,j

(Yi,j > 0)|Ŷi,j − Yi,j|/Yi,j (14)

3. δt: % of Yi,j, s.t. 356

max(
Ŷi,j

Yi,j
,

Yi,j

Ŷi,j

) < t, t ∈ (1.10, 1.25, 1.252, 1.253) (15)

5.2.3. Comparison 357

RGB Image Ground Truth Nconv-CNN CSPN Ours

Figure 10. Qualitative Comparison on NYUv2. From left-to-right: Guidance RGB image, the ground

truth depth map, results of Nconv-CNN[12], CSPN[13] and ours.
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Table 1 presents a comparison of the qualitative results of our network and four state- 358

of-the-art methods [4,12,13,25]. As illustrated, our network achieves superior performance 359

while preserving a reduced number of parameters (~1M). This enhanced efficiency is 360

attributed to the implementation of depthwise separable convolutions and the proposed 361

CNN-based light-weight depth completion network. Consequently, our network can be 362

readily deployed on CNN accelerators and Neural Processing Units (NPUs). A noteworthy 363

feature of our network is its enhanced capacity to distinguish boundary regions, which is 364

primarily owe to the employment of a gradient loss function. 365

Table 1. Summary of essential characteristics of existing RGB guided methods on the NYU-v2 dataset.

For denoting loss functions, we omit the coefficient of each loss term for simplicity.

Method Error Accuracy Parameters

Rmse Rel δ1.10 δ1.25 δ1.252 δ1.253

Sparse-to-Dense[26] 0.230 0.044 92.6 97.1 99.4 99.8 28.4M

Unet+CSPN[13] 0.117 0.016 97.1 99.2 99.9 100.0 256M

KernelNet[14] 0.111 0.015 97.4 99.3 99.9 100.0 16.47M

Nconv-CNN[12] 0.125 0.017 96.7 99.1 99.8 100.0 484K

Ours 0.116 0.018 96.8 99.3 99.9 100.0 1.07M

5.3. Network implement on hardware system 366

As demonstrated in Section 5.2, our network exhibits state-of-the-art performance 367

in RGB-guided depth completion tasks. For instance, the network achieves a Root Mean 368

Square Error (RMSE) of 0.116 m on the NYUv2 training set, allowing for more detailed 369

identification at the boundaries. In order to implement the proposed network within 370

our hardware system, the 8x8 depth sensor is aligned with the RGB data(256x256). On 371

the network side, we adapt the network input according to the hardware’s RGB size 372

and the aligned depth map coordinates, retrain the neural network, and integrate it with 373

the hardware. The resulting completed depth map is illustrated in Figure 11, where the 374

boundaries and shapes are clearly discernible, meeting the fundamental requirements for 375

consumer-level imaging applications. 376

RGB Image Sparse Depth Pred DepthRGB-depth completion setup

RGB 

camera

TX

diffuser

RX

SPAD

Depth 

camera

Figure 11. The result of our hardware system. From left-to-right: RGB-depth completion setup,

Guidance RGB image, the sparse depth map and the predicted depth map from our network.

6. Conclusions 377

In this work, we propose a LiDAR system based on SPAD integrating micro-optical de- 378

vices, incorporating RGB-guided 8x8 depth completion to 256x256 pixels with a lightweight 379

neural network. To verify the effectiveness, we present a ranging SoC based on 130nm 380

BCD process. The integrated SPAD and TDC enable the system to achieve millimeter- 381

level measurement accuracy in indoor environments. The 16x16 pixels SPAD array can 382
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be divided into 2x2 regions for ranging at high frame rates, or 8x8 for sparse imaging at 383

lower frame rates with an energy efficiency of 200mW. Next, a micro-optical system is 384

proposed to make imaging feasible at the hardware level. A micrometer-scale random 385

MLA is used at the transmitting end to homogenize and expand the Gaussian beams from 386

the VCSEL array into a flat-top light source with a 45° FOV. A freeform lens is utilized in 387

the receiver, allowing the alignment of the SPAD array with the 45° FOV illumination and 388

achieving 8x8 array sparse imaging at the optical level. To further increase the resolution 389

to meet the requirements of consumer-level imaging, an RGB-guided depth completion 390

neural network is integrated into the sparse depth imaging system, reaching a 256x256 391

resolution that matches QVGA standards. The low-cost, lightweight depth imaging system 392

has widespread applications in distance measurement, simple object recognition, and basic 393

pose recognition technology fields. 394
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