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1 Executive Summary 

The scope of this report is limited to optimizing LiDAR (Light Detection and Ranging) signal processing and 

gated camera parameters. Optimization is primarily performed using synthetic data that is generated to 

replicate real-world scenarios. LiDAR processing parameters are optimized for 3D detection and depth 

estimation, and gating parameters are optimized for dense depth estimation. 

1.1 LiDAR Signal Optimization 

Scanning LiDAR systems are widely used for autonomous driving systems. LiDAR operates by emitting 

pulses of light and processing the returned waveform to determine the closest obstacle in the scene. Full 

waveform to single detection processing is performed by a black box digital signal processor (DSP) running 

a proprietary algorithm and hyperparameters are chosen independently of the downstream perception 

task or the operating domain. In contrast, we propose domain-specific black box hyperparameter 

optimization to improve 3D detection and depth estimation performance (“Black box”, here, means that 

knowledge of the internals of the LiDAR system, if available, are not used by the optimizer to compute, for 

example, derivatives. LiDAR pipeline algorithms are generally proprietary and LiDARs are consequently 

opaque). The main contributions of this work are, realistic simulation of full wave LiDAR using physically 

realistic Bidirectional Reflectance Distribution Functions (BRDF), Covariance Matrix Adaptation-Evolution 

Strategy (CMA-ES) based black box optimization of the DSP hyperparameters, and joint optimization of 

LiDAR hyperparameters and perception tasks, namely, 3D detection and depth estimation. For depth 

estimation we achieve about 43% improvement in depth Root-Mean-Square Error (RMSE). 

1.2 Gating Parameter Optimization 

Gated cameras capture the depth-dependent intensity images of a scene. The quality of the captured 

image depends on the delay between illumination and exposure, number of laser pulses, gate duration and 

pulse duration. In prior captures, the parameters were manually chosen to cover a range of up to 150 m 

and are not optimized for depth quality. To obtain the best performance these parameters need to be 

optimized for the target depth estimation model. This is challenging as the gated imaging process is not 

differentiable. To this end, we fit a differentiable proxy to model the relationship between the gating 

parameters and the output gated image. This allows us to jointly optimize the gating parameters with the 

final depth estimation network. With this joint optimization approach, we are able to improve the depth 

quality by about 13% in terms of Mean Absolute Error (MAE) and about 6% in terms of RMSE. 
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2 Introduction 

This report is a deliverable in the work package WP4 Sensor Fusion and AI titled “Back loop sensor 

adaptation”. Sensors are a critical component of an autonomous system as they are the only interface to 

the outside world for the perception stack. Raw sensor data is typically processed by a DSP or an image 

signal processor (ISP) to increase the signal-to-noise ratio (SNR) before being passed to the perception 

stack. Conventional approaches optimize the raw data processing and perception task independently which 

can result in low perception performance. This report investigates back loop sensor adaptation which 

optimizes the sensor and processing parameters based on the output of the perception task resulting in 

robust perception under adverse weather conditions. 

This report is presented in four chapters. Chapter 3 presents LiDAR signal optimization which optimizes the 

LiDAR’s DSP parameters along with the 3D object detection and depth estimation models and chapter 4 

presents gated camera parameter optimization which involves optimizing the gating parameters using a 

differentiable proxy to maximize the performance for dense depth estimation. 



 

Deliverable D4.3 / 09.12.2022 / version 1.0 8 
 

3 LiDAR Signal Optimization 

LiDAR has become a cornerstone sensing modality for 3D vision in outdoor scenarios, especially as a safety-

critical input to robotic decision-making algorithms in self-driving vehicles. LiDAR systems emit a pulse of 

light into the scene and then rely on low-level hardware DSP pipelines to construct a 3D point cloud (PC) 

from the wavefront of returned photons. Existing LiDAR DSPs contain cascades of parameterized operations 

and modifying these parameters may result in significant changes to the output PC and, de facto, to the 

downstream application ingesting it. Existing vision stacks aim to compensate for incorrect measurements 

in the downstream network. Departing from this approach, we investigate an end-to-end optimization 

approach that optimizes LiDAR DSPs along with the downstream network weights. To have ground truth 

data available, we developed a realistic LiDAR simulation environment based on the CARLA [1] engine that 

can generate raw and noisy waveforms which are fed to a DSP pipeline. We optimize the vision stack, 

including the DSP parameters and network weights, solving a nonlinear multi-objective optimization 

problem via a 0th-order stochastic algorithm both for 3D object detection Intersection-over-Union (IoU) 

losses and depth error metrics.  

3.1 LiDAR DSPs in Simulation 

Environment perception for autonomous drones [2], [3] and vehicles [4] requires precise depth sensing for 

safety-critical control decisions. Scanning LiDAR sensors have been broadly adopted in autonomous 

driving [5]–[7] as they provide high temporal and spatial resolution, and recent advances in Micro Electro-

Mechanical Systems (MEMS) scanning [8] and photodiode technology [9] have drastically reduced their 

system cost and form factor. 

Although existing 3D detection methods take 3D point cloud data as input, LiDAR sensors do not directly 

generate these point clouds but operate by sending out a laser pulse and measuring the temporal response 

through Avalanche Photo Diodes (APD). This temporal waveform signal is processed by applying a DSP step 

that extracts the peaks corresponding to echoes from possible targets within the scene [10]. As such, the 

DSP results in a data reduction of 1000× for a single emitted beam, producing a single or multiple 3D points 

per beam. Compressing the waveform into points in 3D space without too much loss of information is 

challenging in the presence of object discontinuities, sub-surface scattering, multipath reflections, or 

scattering media, see Figure 3.1. Scattering in particular, can occur in adverse weather conditions like fog 

[7], [11]–[16], rain [12], [16], [17] and snow [15], [18]–[20]. Today, LiDAR manufacturers handle all cases 

above by adjusting the DSP internal parameters in controlled environments and restricted real-world 

scenarios using a combination of visual inspection and depth quality metrics while, in a production 

environment, the LiDAR unit essentially becomes a black box where internal parameters remain hidden to 

the user. 
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Figure 3.1: LiDAR Point Cloud Formation. Point cloud measurements generated by typical LiDAR sensors are 
produced by a multi-stage measurement and signal processing chain. The LiDAR emits a laser pulse. This 
signal travels through the scene and returns to the detector after single or multiple reflections. Cluttered 
surfaces (a), strong retro reflectors (b) and ambient light are introduced (c) in the returned signals. Thus, 
the full transient waveform read by sensors is the superposition of multiple return paths. The DSP, itself a 
chain of processing blocks, processes all temporal waveforms and extracts a constant stream of 3D points 
that forms the final point cloud (bottom). 

To account for noisy and incorrect point cloud estimates with these black box DSPs, existing work has 

explored simulation methods that augment real datasets with simulated adverse effects and point cloud 

degradations for rain [17], [21], [22], fog [7], [13], [23] and snow [20]. With augmented point clouds in 

hand, downstream vision models are retrained to produce predictions robust to the point cloud data 

degradation. Another approach consists of generating synthetic data in 3D scenes using rendering engines 

[24]–[26]. These existing methods typically avoid simulating transient light propagation and signal 

processing by ray casting a virtual 3D scene directly into a point cloud, thus very roughly approximate point 

cloud noise. Moreover, simulation methods that generate synthetic point clouds or alter measured point 

clouds are not changing the DSP parameters to improve the downstream vision models. 

In this work, we propose an optimization method for LiDAR DSPs that minimizes end-to-end domain-

specific losses such as RMSE depth against ground truth depth, and downstream IoU metric measured after 

3D object detection. To assess the proposed method we devised a LiDAR simulation method based on the 

CARLA engine [1] that models the full transient noisy waveform formed by multiple laser echoes and a 

subsequent DSP. Next, we optimize DSP hyperparameters by solving a black box Multi-Objective 

Optimization (MOO) problem with a novel active CMA-ES [27] that relies on the scale-invariant max-rank 

multi-objective scalarization loss [28] to guide the solver toward balanced solutions. This novel CMA-ES 

variant changes centroid weights every generation, alternating between those of [28], empirically found to 

“eagerly” follow gradients, and those of [29], designed to stabilize boundary minima and empirically found 

to stabilize the search near minima. The novel CMA-ES also adds the computation of the loss of every 

generation’s centroid to that of the usual randomly drawn ones using them to greedily speed up the 

computation when they are a “best so far” without corrupting the CMA-ES statistics that guide 

convergence. The proposed method finds a set of best compromise solutions over multiple objectives 

within the Pareto front, focusing on solutions for which no loss component has a comparatively poor value. 

We validate the proposed optimization method for 3D object detection and depth estimation. For these 

applications, we aim to improve end-to-end losses compared to manual tuning and standard 

approximation-based approaches. Specifically, we make the following contributions: 
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● We introduce a full-wave LiDAR simulation model for the CARLA simulation environment that outputs 

full waveform data where a realistic BRDF is used to model intensity reflections. 

● We devise an optimization method for LiDAR DSP algorithms and their respective hyperparameters with 

a novel CMA-ES optimization algorithm. 

● We validate end-to-end DSP optimization for 3D object detection and depth-estimation. For all 

applications, our approach outperforms existing state-of-the-art methods, including manual expert 

tuning. 

Since commercial LiDAR units are black boxes and protected by intellectual property rights, it is not 

straightforward to adapt existing virtual engines like CARLA to generate transient waveforms and model 

LiDAR DSPs. For that reason, in some situations, noise models, DSP behaviour and light physical interactions 

might not be completely accurate compared to real LiDARs. Furthermore, the DSP parameters designed for 

this work might not reflect their real counterparts as their effects and numbers might be quite different 

even between real LiDAR units. 

3.2 Related Work 

A growing body of work has explored optimizing sensors for downstream vision tasks. Existing methods 

address camera ISPs and optics [28]–[31]. Specifically, departing from manual tuning of hyperparameters 

by experts in the sensor design phase, these methods explore approaches that optimize these parameters 

automatically, driven by a downstream loss function. As sensor hyperparameters can be categorical and the 

loss is often non-convex and even noisy, a diverse set of optimization methods have been proposed to 

tackle this approach. Early methods proposed to optimize specific processing blocks [32]–[34] as 

differentiable programs or in a reduced parameter space. Recent methods employ differentiable proxy 

functions [30] or use 0th order optimization with alternating optimization algorithms for downstream 

detectors [28], [29]. While all of these existing methods are successful for camera pipeline optimization, 

from the optics [31] to downstream detectors [29], to our knowledge, no existing methods have been 

proposed for LiDAR systems. As such, existing LiDAR sensors are designed in isolation from the downstream 

detection or depth estimation problem – this work aims to close this gap and proposes an approach for 

domain-specific LiDAR hyperparameter optimization. 

LiDAR sensors generate point clouds by emitting pulses of light into a scene and they measure the round-

trip time-of-flight of the returned light arriving at the sensor. Extracting a point cloud from the time-of-

flight measurements is a complex process and depends on the specific measurement procedure, including 

beam formation, scanning, pulse/continuous wave generation and the final peak finding within the 

acquired temporal laser response [35], [36]. LiDAR sensors differ in their scanning pattern, beam steering 

technology, wavelength, pulse profile, coherence of the measurement step, detector technology and DSP 

capabilities processing the measurement echoes [35], [37]. Existing LiDAR systems can extract single or 

multiple peaks resulting from multi-path interreflections in the scene. Assuming a single Lambertian 

reflector in the scene, the temporal resolution and SNR of the measurement is fundamentally coupled to 

laser power. To this end, existing optimization methods [38] explored automatically adjusting laser power 

during runtime in order to maximize SNR while preventing oversaturation. Other approaches have been 

proposed for adaptative beam steering [39], [40]. Recently, Vödisch et al. [41] proposed beam 

configuration optimization via reinforcement learning methods driven by a downstream 3D detection loss. 
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This method is the most similar approach to the proposed method but solves a different problem. While 

Vödisch et al. aim to predict the beam patterns, i.e., where to place the sparse LiDAR samples, we optimize 

for optimal LiDAR DSP parameters independently of the scanning patterns. 

To test and validate the proposed method, we introduce a new LiDAR simulation method that plugs directly 

into the CARLA simulator. A range of existing simulation environments have been proposed [42]–[44], [45] 

with the open-source CARLA [1] simulator particularly being broadly adopted in the field. These simulation 

frameworks have allowed multimodal synthetic datasets including PreSIL [26], SHIFT [24], AIODrive [25], 

[46] and SYNTHIA [47]. Although these datasets have been employed successfully by researchers and 

industry, the underlying simulation methods employ heuristic LiDAR forward models and none of the 

datasets include full waveform returns that would allow us to simulate the LiDAR point generation. Even 

the AIODrive dataset [25] where multiple peaks are returned via a depth image convolution and Single-

Photon Avalanche Diode (SPAD) quantization already bakes the transients into the SPAD image formation, 

and hence does not allow us to simulate realistic transients for LiDAR DSP optimization. To address this 

simulation, we propose a simulation approach that uses a full waveform generated with a realistic BRDF 

processed with a virtual DSP to give a final point cloud. 

3.3 LiDAR Forward Model 

Consider a single laser pulse emitted by a LiDAR unit onto a 3D scene from which a returned signal is 

detected by a SPAD detector that then sends temporal histograms to the sensor DSP. We model the 

temporal photon flux 𝜓(𝑛) [48]–[50] incident on the sensor at time 𝑡 for channel n as 

𝜓(𝑛)(𝑡) = (𝐻 ∗ 𝑔(𝑛))(𝑡) + 𝑎(𝑡), 

where 𝑔(𝑛) is the initial temporally varying photon flux emitted by the laser, 𝐻 the transient response from 

the scene, 𝑎(𝑡) the ambient photon flux and * is the temporal convolution operator. Note that the 

transient scene response 𝐻, by definition, includes multi-path returns from interreflections and scattering 

in the scene. The detector measures the photons and digitizes them into temporal wavefronts that are 

processed by the DSP. For low photon counts or path lengths beyond a few meters like in typical 

automotive scenes, the binning process can be modeled as a random process following a Poisson 

distribution [38], [48]–[50]. We thus model the number of detected photons 𝑟(𝑛) for channel n in a given 

time bin 𝑘 of the wavefront as 

𝑟(𝑛)[𝑘] ∼ Poisson (∫ 𝜓(𝑛)
(𝑘+1)𝛥

𝑘𝛥

(𝑡)𝑑𝑡), 

where 𝛥 is the integration time per bin. 

3.3.1 Transient Scene and Pulse Model 

In the context of LiDARs, Rasshofer et al. [36] introduced a linear model for direct laser reflections that 

models the incident transient response 𝐻 ∗ 𝑔(𝑛). Adopting this model allows to write 

(𝐻 ∗ 𝑔(𝑛))(𝑅) = 𝐶 ∫ 𝑔(𝑛)(𝑡)𝐻 (𝑅 −
𝑐𝑡

2
) 𝑑𝑡,

2𝜏(𝑛)

0
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where 𝑅 is the distance between the sensor and the observed point, 𝑐 is the speed of light, 𝐶 a 

proportionality constant independent of 𝑡 and 𝑅 describing the system and 2𝜏(𝑛) is the total pulse 

duration. The conversion 𝑡 = 𝑅 𝑐⁄  translates the path length to time. Like Hahner et al. [20] and Rasshofer 

et al. [36], we adopt the following pulse shape 

𝑔(𝑛)(𝑡) = {
𝑃0

(𝑛)
𝑠𝑖𝑛2 (

𝜋𝑡

2𝜏(𝑛)
) 0 ≤ 𝑡 ≤ 2𝜏(𝑛)

0 otherwise
, 

where 𝑃0
(𝑛)

 is the pulse power magnitude. Meanwhile, the transient scene response 𝐻 consists of the 

geometric attenuation of the light which is proportional to 1 (2𝑅)2⁄  and the response from the objects 

scattering the light. For a single opaque object labelled 𝑖, the latter is proportional to its reflectance 𝜌𝑖 and 

to a Dirac function 𝛿(𝑅 − 𝑅𝑖) where 𝑅𝑖 is its distance to the LiDAR. Reformulating the equations above, for 

a single echo from 𝑖 yields 

(𝐻 ∗ 𝑔(𝑛))
𝑖
(𝑅) = {𝑓𝑖

(𝑛)(𝑅) 𝑅𝑖 ≤ 𝑅 ≤ 𝑅𝑖 + 𝑐𝜏(𝑛)

0 otherwise
, 

with 

𝑓𝑖
(𝑛)

(𝑅) =
𝐶𝑃0

(𝑛)
𝜌𝑖

4𝑅𝑖
2 𝑠𝑖𝑛2 (

𝜋

𝑐𝜏(𝑛)
(𝑅 − 𝑅𝑖)). 

3.3.2 Object Reflectance Model 

An object’s reflectance 𝜌𝑖 depends on many factors such as the material BRDF and the angle of incidence 𝜃 

with respect to the surface normal. We approximate this term based on the integrated specular and diffuse 

components of the retro-reflected portion of the Cook-Terrance reflectance model [51]: 

𝜌𝑖 =
𝛼4𝑠𝑐𝑜𝑠𝜃

4[𝑐𝑜𝑠2𝜃(𝛼4 − 1) + 1]2[𝑐𝑜𝑠𝜃(1 − 𝑘) + 𝑘]2
+ 𝑑𝑐𝑜𝑠𝜃. 

𝑠, 𝑑, 𝛼 ∈ [0,1] define respectively the specular, diffuse and roughness properties of a material while 𝑘 =

(𝛼 + 1)2 8⁄ . In lieu of a large texture database, we abuse the Phong-like parameters 𝑠, 𝑑, 𝛼 used in 

CARLA [1] to realistically render the textures. While these parameters are normally not directly accessible, 

we extract them by projecting the targeted hit points on custom camera images encoding these values. An 

example of such images is shown in Figure 3.2. To be more precise, if we define these type of image as 𝐼𝑠𝑑𝛼 

and defining a function 𝑃𝑖 that takes an image as input and returns the pixel information at the projected 

object 𝑖’s location, then we write [𝑠, 𝑑, 𝛼] = 𝑃𝑖(𝐼𝑠𝑑𝛼). 
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Figure 3.2: LiDAR Simulation Method. We propose a parameterizable LiDAR simulation model that 
generates full transient waveforms by extracting scene response H, ambient light a and object reflectances 
s, d, α from CARLA. The optimized vector Θ includes both pulse and DSP hyperparameters. Wavefronts are 
processed by the DSP, resulting in a point cloud O. We “close the loop” by feeding O to 3D object detection 
and depth estimation methods that define loss functions L when evaluated on validation datasets. These 
end-to-end loss functions drive an MOO solver which converges to optimal parameters. 

3.3.3 Ambient Illumination 

The next step is to model the ambient light illumination 𝑎(𝑡). We do this by taking the same approach as 

[25] and project the targeted object 𝑖’s location on the red channel of a fully rendered RGB camera image 

where shadows and reflections are all taken into account. We label this kind of image as 𝐼red and, for 

simplicity, we approximate 𝑎(𝑡) to be constant over the whole waveform time bins. Thus, we can write 

𝑎(𝑡) ≡ 𝑎𝑖 = 𝑃𝑖(𝐼red) where 𝑎𝑖  is constant ∀𝑡. 

3.3.4 Multi-path Transients 

We simulate multi-path transients for laser beams hitting object discontinuities as primary effect for 

automotive LiDAR scenarios. These effects are modeled as linear combination of neighboring waveforms. 

To this end, a super-sampled collection of {𝑅𝑖} is computed using direct illumination only. Then, a 

downsampled waveform 𝜓𝑗 for each LiDAR channel and each horizontal angle is generated with 

𝜓𝑗
(𝑚)(𝑅) = ∑ 𝐾𝑖

(𝑛)

𝑖∈𝑁(𝑗),𝑛∈𝑁(𝑚)

(𝐻 ∗ 𝑔(𝑛))
𝑖
(𝑅) + 𝑎𝑖, 

where 𝑁(𝑗) and 𝑁(𝑚) respectively define the spatial neighborhood of target point 𝑗 and target channel m 

and 𝐾𝑖
(𝑛)

 are normalized weights that can be interpreted as a beam spatial intensity profile.  

3.3.5 DSP Model 

Once a waveform 𝜓𝑗
(𝑛)(𝑅) is generated for a given 𝑗 and 𝑚, it is then sampled and passed to the DSP unit. 

The latter can generally be viewed as a functional 𝛷𝑗
(𝑚)

(𝛩, 𝑟𝑗
𝑚) of some hyperparameter set 𝛩 that takes 

this final sampled waveform 𝑟𝑗
(𝑚)

 as input and returns a 3D point alongside a reflectivity value. The DSP 

uses multiple processing steps which includes denoising, peak finding and thresholding among others and 
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these processes might employ both continuous and discrete variables within {𝛩}. There exist multiple 

algorithms to generate a point cloud out of a waveform signal [52]. We focus on one of the simplest: the 

rising edge method where a point is registered every time the amplitude of the waveform goes over a 

certain threshold 𝑇 ∈ {𝛩} thus generating a list of potential return candidates if multiple peaks are present 

in the waveform. The returned point can then be picked based on a discrete return mode parameter 𝑀 ∈

{𝛩}. Figure 3.3 shows an example DSP pipeline where each processing step is shown as a separate block. 

 

Figure 3.3: LiDAR Sensing and DSP Model Φ.  The LiDAR sensing and DSP hyperparameters Θ, including the 
pulse power, duration, and parameters for the rising edge detection in a transient wave-front, affect the 
quality of the generated point cloud O. 

3.4 Optimization 

The proposed MOO method yields high quality point clouds with optimal mean Average Precision (mAP) 

when fed to the downstream object detection and classification module. 

3.4.1 LiDAR Optimization 

Like Mosleh [28], we tackle hyperparameter value selection through loss-driven optimization. Like 

Robidoux [29], we optimize the system as a whole, bundling hardware functionality—each channel’s laser 

beam power—with the DSP’s. The operation of the LiDAR imaging pipeline 𝛷 is modulated by 𝑃 

hyperparameters 𝛩 = (𝛩1, … , 𝛩𝑃) with continuous range of values normalized by relaxation and 

remapping to the unit interval [0,1] [28], [29]. Hardware registers actually have discrete ranges of values, 

for example {0, … , 214 − 1} for an effectively continuous hyperparameter and {0,1} for an algorithmic 

branch toggle [30]. With 𝑇 ≫ 2𝜏, we model each of the 𝐽 channels 𝛷𝑗 of 𝛷 = (𝛷1, … , 𝛷𝐽) as 

𝛷𝑗: [−𝑇, 0][0,∞) × [0,1]𝑃 → 𝑆[0,∞], (𝑟𝑗, 𝛩) ↦ 𝑂𝑗, 

𝑂𝑗 being a mapping from the unit sphere 𝑆 (a proxy for 3D projective geometry) to nonnegative distances 

with ∞ understood as “undefined” so that each 𝛷𝑗 reconstructs a piece 𝑂𝑗 of the overall point cloud 𝑂 from 

a waveform 𝑟𝑗 truncated to the time interval [−𝑇, 0]. The overall 𝛩-modulated pipeline 𝛩 maps the set of 

truncated wave forms 𝑟 = (𝑟1, … , 𝑟𝐽) to the point cloud 𝑂: 𝛷: (𝑟, 𝛩) → 𝑂.𝑂 contains the compressed 
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information available to downstream detectors. We seek solutions 𝛩 = 𝑎𝑟𝑔𝑚𝑖𝑛𝛩∈[0,1]𝑃𝐿(𝛩) which are 

Pareto-optimal with respect to the MOO loss vector 𝐿 = (𝐿1, … , 𝐿𝐿). Loss components may not be end-to-

end: 𝐿𝑙 could be computed from a result tapped out of the pipeline (e.g., a channel’s waveform 𝑟𝑗); from 

the point cloud 𝑂 (e.g., SNR); or from the output of a downstream detector 𝑂 (e.g., a deep Convolutional 

Neural Network (CNN)) which ingests 𝑂 (e.g., mAP). 

The set of solutions is the Pareto front [53], which contains Pareto-optimal compromises between the 

various losses, that is, hyperparameter vectors which are not Pareto-dominated by another.  

3.4.1.1 Monotone Max-Rank Loss Scalarization 

Scalarizations are used to combine multiple objectives so that a single objective optimizer yield solutions to 

MOO problems [54], the best known being the convex combination ∑ 𝑤𝑙
𝐿
𝑙=1 𝐿𝑙. With such scalarizations, the 

weights 𝑤𝑙 are difficult to choose when losses’ variations are not commensurate. This is less of an issue 

with the max-rank loss, a Chebyshev scalarization based on ranks introduced by Mosleh in [28]. The max-

rank loss is dynamic: For a fixed hyperparameter its value increases as additional data is acquired. 

Nonetheless max-rank loss minimizers are automatically Pareto-optimal (relative to available data). Within 

the Algorithm described below, the weighted max-rank loss 𝑀𝑞
(𝑚)

 of the hyperparameter vector 𝛩𝑞
(𝑚)

 at 

the end of generation 𝑛 is 𝑀𝑞
(𝑚)

= 𝑚𝑎𝑥
𝑙∈{1,…,𝐿}

{𝑤𝑙 ⋅ rank of 𝐿𝑞
(𝑚)

 within {𝐿𝑟
(𝑜)

}𝑜∈{1,…,𝑛},𝑟∈{0,…,4𝑃}} , with ranks 

starting at 0 and loss component value ties resolved by left bisection. Because the weights 𝑤𝑙 multiply 

ranks, they are non-dimensional thus better suited to dialing in the relative importance of various loss 

components. The max-rank loss is dynamic, with values, for a given hyperparameter vector, monotone non-

decreasing with respect to the addition of data.  Because the weights multiply ranks, they are non-

dimensional, thus suited to dialing in the relative importance of various loss components. Mosleh et al. 

Propose that user-defined weights for each loss component be multiplied by the proportion of individuals 

that ``fail'' to pass a user-defined threshold. We find that these weights, which break monotonicity, do not 

lead to better convergence.  We use fixed, unit by default, loss weights. 

3.4.2 Dual-Weighted CMA-ES 

Our algorithm differs from the max-rank loss-based CMA-ES optimizers of [28], [29] as follows. It alternates 

between the gradient-seeking weights of [28], which assign zero weight to the worst quarter of each 

generation instead of the usual half so as to exploit the symmetry of Gaussian probability distributions in 

the second and third quartiles to get a more accurate gradient approximation; and the boundary stabilizing 

weights of [29], with no discard so that further exploration not go in the wrong direction near non-smooth 

local minima. With active CMA-ES methods (with centroid weights monotone as functions of the rank and 

with negative values [55]) that discard some proportion of each generation’s individuals, as is standard, the 

solver is easily tricked into exploring in the wrong direction near local minima because the very worst 

direction implicitly gets 0 centroid weights while less “bad” directions get strictly negative weights. For this 

reason, the “stabilizing” weights do not discard. The alternating weights are used with larger generations, 

namely 4𝑃, than in [28] (4 𝑃 3⁄ ) and [29] (2𝑃). Per [56], larger generations are preferable with rough or 

noisy losses, as we verified with A/B testing. 

Another novel feature of the proposed CMA-ES variant is that the loss of the weighted centroid of every 

generation is computed, which provides higher quality transients as the solver explores the Pareto front. So 
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as not to corrupt the standard CMA-ES statistics (based on one random Gaussian point cloud per 

generation), the centroid’s loss does not affect their computation. However, if it or any other individual of 

the generation happens to be a max-rank loss minimizer, it becomes the next generation’s Gaussian cloud 

center (ties within the generation are resolved by selecting the minimizer closest to the ties’ centroid). 

 

Figure 3.4: Black box LiDAR optimization algorithm, a variant of single objective Covariance Matrix 
Adaptation-Evolution Strategy that uses the max-rank loss MOO scalarization. 
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3.5 Results 

As a start, we explore channel-wise laser power and rising edge threshold optimization using our 

optimization algorithm. We assign independent power level 𝑃0
(𝑗)

 and rising edge threshold 𝑉(𝑗) (see Section 

3.3.5) for each LiDAR channel 𝑗.  

 

Figure 3.5: The color encodes the individual depth error of each point clipped at 2m. Convergence graph 
shows average RMSE loss Ldepth from Eq. (14) against optimization step with Pareto points locations for 
the proposed method. 

Combined with denoising parameters, all of these values form the ensemble 𝛩 used to define the DSP in 

this experiment. We optimize the point cloud depth RMSE averaged over multiple frames using the 

following loss function: 

𝐿𝑑𝑒𝑝𝑡ℎ(𝛩) =
1

𝐹
∑ 𝑅𝑀𝑆𝐸

𝐹

𝑓=1

(𝑅𝑓 , 𝛷𝑓
(𝑅)

) 

where 𝐹 is the number of frames in the validation set,𝑀𝑓𝑓𝑟𝑖
𝑓

𝑖𝑓, 𝑅𝑖
𝑓

 Note here that missing points are 

treated like they have a depth of 0. We defined the power levels as discrete parameters spanning only 7 

values where the lowest makes the peak almost indistinguishable from ambient noise while the highest 

have a high chance of saturation at close distances. Necessarily, cranking up the power levels for each 

channel would increase SNR and decrease the depth error (𝐿𝑑𝑒𝑝𝑡ℎ). However, in order to avoid as much as 

possible saturated intensity readings, we added the intensity loss function 

𝐿𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦(𝛩) =
1

𝐹
∑ 𝑅𝑀𝑆𝐸 (𝐼𝑓 , 𝛷𝑓

(𝐼)
)𝐹

𝑓=1 . 

Optimized point cloud results after >5000 steps are shown in the middle of Figure 3.5 compared to the 

initial configuration on the left. Ground truth is overlayed on the middle upper half showing the 

optimization target depths. The graph on the right shows the depth loss 𝐿𝑑𝑒𝑝𝑡ℎ(𝛩) vs the optimization 

steps. Pareto points are shown as orange squares and the initial configuration loss is depicted by the green 

circle. The orange line is a running average over 500 steps and acts as a guide to the eye showing the 

overall decrease over time of the loss function. Table 3.1 shows the loss values for final Pareto point for this 

run compared to other state-of-the-art MOO optimization algorithms. The findings validate that our 

proposed method outperforms other optimization algorithms. Our method seeks one single balanced 

configuration, which we take to be the last Pareto point of a run. Comparing with the final Pareto points 

found by other algorithms, we see that they are not as balanced. 
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Table 3.1: LiDAR Depth and Intensity MOO. In the table, final Pareto points are ordered. The proposed 
method finds a balanced Pareto point which ranks 5 out of 10 with respect to both  𝑅𝑀𝑆𝐸𝑑𝑒𝑝𝑡ℎ and 

𝑅𝑀𝑆𝐸𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦, balance also evident by it minimizing the ℓ1-norm of the losses (bold). 

Method 𝑹𝑴𝑺𝑬𝒅𝒆𝒑𝒕𝒉 𝑹𝑴𝑺𝑬𝒊𝒏𝒕𝒆𝒏𝒔𝒊𝒕𝒚 ‖𝑳𝒐𝒔𝒔‖𝟏 

Expert-Tuned 12.15 1.95 14.10 

C-TAEA 9.20 2.37 11.57 

NSGA-III 9.46 2.14 11.60 

U-NSGA-III 9.82 2.03 11.65 

R-NSGA-III 9.78 3.18 12.96 

Proposed 9.86 1.56 11.42 

SMS-EMOA 10.16 1.43 11.59 

AGE-MOEA 10.17 1.29 11.46 

Mosleh et al. 10.98 1.01 11.99 

RVEA 30.30 0.67 30.97 
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4 Gating Parameter Optimization 

The output of the gated camera is determined by a set of user-adjustable gating parameters. However, the 

details of its inner-workings are not revealed to the user. Therefore, the gated imaging system can be 

considered as a black box unit.  

 

Figure 4.1: Configurable parameters of a black box Gated camera. 

As shown in Figure 4.1, the output image of the gated camera can be influenced by adjusting the delay 

between illumination and exposure tl, the number of laser pulses N, the gate duration tG and the pulse 

duration tL. These parameters determine the range-intensity-profiles which represent the distance-

dependent intensity values of the output image and therefore which distance of the scene is illuminated. 

By varying the gating parameters, it is possible to capture multiple images of the same scene where 

different areas of the scene are illuminated. 

For depth estimation, currently, three images covering different ranges are captured for each scene [57]. 

The parameters are chosen in such a way that a range of 0-150m is covered and the individual images, also 

called slices, partially overlap in the range they capture. However, the parameters were selected manually 

and are not customized for any specific task or environmental condition. As a result, the capabilities of the 

gated camera are not fully exploited, and it is expected that current methods for depth estimation can be 

improved by optimizing the gating parameters for this use case. 

This work addresses the extent to which a gated camera’s parameters can be optimized for depth 

estimation. In particular, the performance improvement of gated depth estimation with synthetic data 

created to simulate in clear conditions at night shall be achieved by optimizing the parameters for this 

condition. To determine the improvement, depth maps are created for synthetically created scenes with 

unoptimized and optimized parameters and compared with popular metrics used for the evaluation of 

depth estimation approaches. For the optimization, a framework is created that uses deep learning 

methods, can be used with synthetic and real-world data, and is extensible to optimize other conditions 

and tasks. 

The method follows the approach of [30] that uses a neural network as a differentiable proxy function to 

perform the optimization in two stages. The decisive advantage is that only a limited amount of data has to 

be collected in advance, while optimal setting parameters can still be found with a very high degree of 

reliability. 
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4.1 Dataset 

For the parameter optimization a synthetic dataset is used due to several reasons. First, a dataset with real 

gated images that meets the requirements does not exist. Collecting this data is very cumbersome and is 

done after the initial proof of concept. Second, a suitable framework for creating synthetic data has already 

been presented by [58]. Also, a synthetic dataset is much more flexible, so changes can easily be made to 

the dataset during experiments. Furthermore, ground truth annotations regarding, for example, the depth 

are included and are guaranteed to have no deviation. 

The gated simulation framework provides the ability to extract and synthesize gated image data from the 

open-world-action-adventure video game Grand Theft Auto-V (GTAV). For the synthesis of the gated 

images, gated parameters and daytime can be chosen as desired which gives the possibility to create 

different gated slices from the same scene.  

To create the gated images, diffuse reflectances, normal vectors, specular reflectance, glossiness, sunlight 

illumination, active lights, depth maps, and the projection matrix are extracted while playing. First, the 

GTAV camera view is adapted to the intrinsic parameters of the gated camera prototype. The laser and 

gated camera prototype specifications are chosen to represent the BrightWay Vision BrightEye™ [59], a 

gated camera system developed for the automotive market. The adaption is done by projecting each pixel 

into 3D space with the projection matrix and then back into the gated frame. 

Since the gated camera operates in the Near InfraRed (NIR) spectrum and GTAV does not provide any NIR 

reflectance or NIR image formation model, the NIR reflectance is approximated based on an empirical NIR 

model. This is done by inverting the original RGB image and overlaying the original and the inverted image 

by selecting the maximum for each pixel in each channel. Then the image is transformed to be 

monochrome. Finally, a gamma correction is applied to darken the image. Active illumination is simulated 

as laser illumination being emitted from an illumination source under the vehicle’s front bumper. The 

resulting shadows are simulated by transforming 3D points into a laser coordinate system and then 

determining which points are illuminated and which are not. Gating is applied according to the following 

gating equation: 

𝐼(𝑟) = 𝛼𝐶(𝑟) = ∫ 𝑔(𝑡 − 𝑡0)𝜅(𝑡; 𝛼, 𝑟)𝑑𝑡
∞

−∞

 

Here, 𝐼(𝑟)is the exposure measure of an object with reflectivity (albedo) 𝛼. 𝐶(𝑟) is the range intensity 

profile. 𝜅(𝑡; 𝛼, 𝑟) describes a delayed and attenuated version of the laser pulse emitted by the active light 

source and 𝑔(𝑡 − 𝑡0) is a rectangular function which represents the gain of the detector. 

The gating parameters can be selected freely. Open parameters such as photon-to-pixel conversion gain, 

delays due to signal run-time, and the dark level of the camera were calibrated with measurements at night 

on targets with defined reflectivity. Passive daylight components are added according to the exposure 

duration and ambient illumination. Additionally, saturation and blooming effects are simulated, and a noise 

model is applied. Finally, the image is clipped to the sensor bit depth. The schematic gated image formation 

can be seen in Figure 4.2. 
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Figure 4.2: Gated image formation. From simulated illumination and the empirical NIR image, a full gated 
image can be constructed. The three slices are obtained by applying gating with the predefined parameters, 
the corresponding depth map and t to obtain the final image, saturation, blooming and noise is added. 

9778 of the sample scenes extracted by Gruber et al. [57] with an image resolution of 1280 × 720 pixels 

and represented using 10 bits are adopted. 7655 samples are used for training, 500 for evaluation and 1623 

samples for testing. All samples are simulated at night. The gated parameters used to create the different 

slices are generated with Latin-Hypercube sampling within a predefined range for each parameter. 40 

parameter settings are used for training and 20 for testing.  

In addition, LiDAR data is required for the optimization. The gated simulation framework does not provide 

tools for LiDAR simulation, so this was added. The LiDAR is located at another location than the camera, 

resulting in shadows where no LiDAR-points are given. First, from the gated simulation framework 

extracted 3D points are transformed into a LiDAR coordinate system which is chosen to be located at the 

top of the car. Based on this coordinate system, a scanning LiDAR of 64 rows with an angular resolution of 

0.4° and a vertical field of view of 25° is modelled. A direction vector is calculated for each emitted light 

beam. This is matched with the normal vectors, also extracted from GTAV. A LiDAR point is set, by assigning 

the corresponding depth value which is given in the depth map, if the vectors match. Only the point closest 

to the LiDAR source is set if there are multiple matches. Then, the resulting LiDAR depth map is 

transformed back into the camera coordinate system. The corresponding depth-value is assigned at every 

sampled LiDAR-point. Resulting LiDAR data and the corresponding depth maps can be seen in Figure 4.3. 
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Depth Map (Extracted from GTAV) Synthetic LiDAR [m] 

 

Figure 4.3: Synthetic LiDAR and depth map. The points of the LiDAR are enhanced for better visibility. 

4.2 Method 

Even though synthetic data is used in this work, the method is developed for the case of real gated data 

that is captured by a real gated camera. This has the advantage the method can be adapted to real-world 

applications without much adaption effort. The method’s main idea is to consider the gated imaging system 

as a black box and optimize its parameters, also called hyperparameters, using a model-based, also called 

surrogate-based, approach which bypasses the imaging system, see Figure 4.4. Optimization with a model-

based method is chosen because modelling the gradients allows for a much more precise optimization than 

gradient-free methods. For the realization, the approach of Tseng et al. for hyperparameter optimization in 

black box image processing is adapted [30]. Therefore, a two-stage neural network is implemented. A proxy 

function is trained in the first stage to learn the mapping between gating parameters and camera output. 

This enables the modification of full gated images to produce realistic gated images based on provided 

gated parameters. The proxy outputs are simulations of images that would be created if the gated camera 

would capture images with the given parameters. In a second step, the weights of the proxy network get 

fixed, and it is used to generate training data for the second stage. The network of the second stage is 

trained to fulfil the task of generating a depth map of the respective scene. Since the proxy function of the 

black box is differentiable, the parameters can be optimized to create the best possible depth map using a 

gradient-based optimizer.  

 

Figure 4.4: Black box with surrogate model which is used to bypass the black box during the optimization. 
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4.3 Concept 

Following the notation of Tseng et al. [30], the gated camera can be represented by the function 𝑓𝑔𝑎𝑡𝑒𝑑 that 

maps the observed scene 𝑆 to the image 𝑂𝑔𝑎𝑡𝑒𝑑 where only a predefined range is visible. The visible range 

is dependent on the parameters P. Therefore, the output image is defined by 𝑂𝑔𝑎𝑡𝑒𝑑 = 𝑓𝑔𝑎𝑡𝑒𝑑(𝑆, 𝑃). The 

hyperparameter optimization problem can be mathematically expressed by 

𝑃 = 𝑎𝑟𝑔 𝑚𝑖𝑛
{𝑃1,𝑃2,𝑃3}

∑ 𝐿𝑑𝑒𝑝𝑡ℎ (𝑓𝑑𝑒𝑝𝑡ℎ (𝑓𝑔𝑎𝑡𝑒𝑑(𝑆𝑖, 𝑃1), 𝑓𝑔𝑎𝑡𝑒𝑑(𝑆𝑖, 𝑃2), 𝑓𝑔𝑎𝑡𝑒𝑑(𝑆𝑖, 𝑃3)) , 𝑇𝑖)

𝑁

𝑖=1

 

where the optimal parameters 𝑃 = {𝑃1 , 𝑃2 , 𝑃3 } are sought by optimizing a depth-specific performance 

metric. This can be modelled as the minimization of the loss function 𝐿𝑑𝑒𝑝𝑡ℎ that measures the deviation 

between the function fdepth, which maps gated images to a corresponding depth map, and known ground 

truth target depth maps 𝑇𝑖 for 𝑁 scenes. Neural networks are the most successful approach for recovering 

depth from gated images. Therefore, the method from Gruber et al. is adapted [57] which derives the 

depth from three gated images. To perform this mapping, a function 𝑓𝑑𝑒𝑝𝑡ℎ is created. It uses three gated 

slices with overlapping ranges that are captured with a fixed set of gated parameters 𝑃𝑖 ∈ 𝑃 for 𝑖 = 1,2,3 to 

compute the corresponding depth map. 

Step 1: Training the Differentiable Proxies Function to learn the Gated Function  

Since the gated camera is a black box system, the only way to interact with it is to evaluate 𝑓𝑔𝑎𝑡𝑒𝑑 on 

example scenes with specific parameter settings. In order to solve the optimization task under this 

constraint, a representation 𝑓𝑝𝑟𝑜𝑥𝑦 is introduced. This proxy function is trained to mimic the functional 

behavior of 𝑓𝑔𝑎𝑡𝑒𝑑 as precisely as possible. The gated camera receives only the photons from scene 𝑆 that 

are visible in the output image due to the possibility of gating. However, the proxy function receives a full 

gated image 𝐼 in which the complete scene is illuminated as input and mimics the gating changing the 

brightness of the pixels according to the defined gated parameters. Because the proxy function 𝑓𝑝𝑟𝑜𝑥𝑦 is 

realized by a fully convolutional network (FCN), the output 𝑂𝑝𝑟𝑜𝑥𝑦 results from the dependencies between 

its learnable parameters 𝛩𝑝, the input image𝐼, a to the scene corresponding LiDAR depth map 𝐿 and the 

hyperparameters 𝑃: 

𝑂𝑝𝑟𝑜𝑥𝑦 = 𝑓𝑝𝑟𝑜𝑥𝑦(𝐼, 𝐿, 𝑃; 𝛩𝑝) 

The additional LiDAR-input is included to provide depth cues. The proxy function can be evaluated for every 

arbitrary combination of hyperparameters 𝑃𝑛 ∈ 𝑃. Moreover, 𝑓𝑝𝑟𝑜𝑥𝑦 is differentiable, so that 𝜕 𝑓𝑝𝑟𝑜𝑥𝑦 𝜕⁄ 𝑃𝑛 

can be acquired. During the training process, the learnable parameters  𝛩𝑝 need to be adapted in such a 

way, that 𝑂𝑝𝑟𝑜𝑥𝑦 ≈ 𝑂𝑔𝑎𝑡𝑒𝑑 for any combination of input image 𝐼 and hyperparameters 𝑃. The LiDAR-data 

gives guidance for a better reproduction fgated. The adaption can be achieved by solving the following 

optimization problem that searches for optimal learnable parameters 𝛩𝑝 :  

𝛩𝑝 = 𝑎𝑟𝑔𝑚𝑖𝑛
{𝛩𝑝}

∑ ∑ 𝐿𝑝𝑟𝑜𝑥𝑦
𝑚𝑢𝑙𝑡 (𝑓𝑝𝑟𝑜𝑥𝑦(𝐼𝑖, 𝐿𝑖, 𝑃𝑗; 𝛩𝑃), 𝑓𝑔𝑎𝑡𝑒𝑑(𝑆𝑖, 𝑃𝑗)) .

𝑀

𝑗=1

𝑁

𝑖=1
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For training, 𝑀 different parameter settings are used. The loss function 𝐿𝑝𝑟𝑜𝑥𝑦
𝑚𝑢𝑙𝑡 measures the deviation 

between the proxy function and the gated camera output. Since 𝑓𝑝𝑟𝑜𝑥𝑦is differentiable, it can be minimized 

by applying a gradient-based optimization method. 

Step 2: Optimizing Gated Parameters with Differentiable Proxies 

By solving the final Equation of step 1 and obtaining the optimal learnable parameters 𝛩𝑝 , we get the 

possibility to substitute 𝑓𝑔𝑎𝑡𝑒𝑑 with 𝑓𝑝𝑟𝑜𝑥𝑦. This results in the change of the initial search problem from to: 

𝑃 = 𝑎𝑟𝑔 𝑚𝑖𝑛
{𝑃1,𝑃2,𝑃3}

∑ 𝐿𝑑𝑒𝑝𝑡ℎ
𝑚𝑢𝑙𝑡 (𝑓𝑑𝑒𝑝𝑡ℎ(𝑂𝑝𝑟𝑜𝑥𝑦

𝑖,1 , 𝑂𝑝𝑟𝑜𝑥𝑦
𝑖,2 , 𝑂𝑝𝑟𝑜𝑥𝑦

𝑖,3 ), 𝑇𝑖)

𝑁

𝑖=1

 

with 𝑂𝑝𝑟𝑜𝑥𝑦
𝑖,𝑘 = 𝑓𝑝𝑟𝑜𝑥𝑦(𝐼𝑖, 𝐿𝑖, 𝑃𝑘; 𝛩𝑝 )𝑘 ∈ {1,2,3}. 

This creates a more approachable problem since the proxy function can be evaluated at any 

hyperparameter combination without the cumbersome data collection with the gated camera. In addition, 

there is now the possibility of optimizing the equation above with a derivative-based method such as 

stochastic gradient-descent since all included functions are derivable. So far, it has been assumed that the 

depth function can consistently provide optimal depth maps. However, since such a generally valid function 

does not exist, this is also implemented by a neural network. This depth network is additionally dependent 

on learnable parameters 𝛩𝑑. Like the proxy network, the depth network needs to be trained to fulfil the 

depth-prediction task for arbitrary input images reliably. This is done by solving the following optimization 

problem to search for the optimal learnable parameters 𝛩𝑑: 

𝛩𝑑 = 𝑎𝑟𝑔𝑚𝑖𝑛
{𝛩𝑑}

∑ 𝐿𝑑𝑒𝑝𝑡ℎ
𝑚𝑢𝑙𝑡 (𝑓𝑑𝑒𝑝𝑡ℎ(𝑂𝑝𝑟𝑜𝑥𝑦

𝑖,1 , 𝑂𝑝𝑟𝑜𝑥𝑦
𝑖,2 , 𝑂𝑝𝑟𝑜𝑥𝑦

𝑖,3 ), 𝑇𝑖)

𝑁

𝑖=1

 

with 𝑂𝑝𝑟𝑜𝑥𝑦
𝑖,𝑘 = 𝑓𝑝𝑟𝑜𝑥𝑦(𝐼𝑖, 𝐿𝑖, 𝑃𝑘; 𝛩𝑝 )𝑘 ∈ {1,2,3}. 

The loss function 𝐿𝑑𝑒𝑝𝑡ℎ
𝑚𝑢𝑙𝑡 measures the deviation between the output of the depth function 𝑂𝑑𝑒𝑝𝑡ℎ and the 

ground truth depth maps that correspond to the input scene. The hyperparameters 𝑃1, 𝑃2, 𝑃3 are fixed and 

take the non-optimized values proposed by Gruber et al. [57]. This process is referred to as pre-training the 

depth network. During the search for optimal parameters, the learnable parameters 𝛩𝑑  that were 

optimized for the non-optimized parameters are optimized further to better adapt to the changing 

hyperparameters that determine the inputs for the depth-function. Now, the equation for the search of the 

optimal hyperparameters is denoted as: 

𝑃 , 𝛩𝑑 = 𝑎𝑟𝑔 𝑚𝑖𝑛
{𝑃1,𝑃2,𝑃3,𝛩𝑑 }

∑ 𝐿𝑑𝑒𝑝𝑡ℎ
𝑚𝑢𝑙𝑡 (𝑓𝑑𝑒𝑝𝑡ℎ(𝑂𝑝𝑟𝑜𝑥𝑦

𝑖,1 , 𝑂𝑝𝑟𝑜𝑥𝑦
𝑖,2 , 𝑂𝑝𝑟𝑜𝑥𝑦

𝑖,3 ), 𝑇𝑖)𝑁
𝑖=1   

with 𝑂𝑝𝑟𝑜𝑥𝑦
𝑖,𝑘 = 𝑓𝑝𝑟𝑜𝑥𝑦(𝐼𝑖, 𝐿𝑖, 𝑃𝑘; 𝛩𝑝 )𝑘 ∈ {1,2,3}. 

The hyperparameters are initialized with the non-optimized hyperparameters proposed by Gruber et al. 

[57]. The learnable parameters 𝛩𝑑
∗  optimized for the changed hyperparameters are a byproduct of the 

optimization and not of primary interest. 
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4.4 Form and Parameterization 

Form and Parameterization of Proxy Network  

For the realization of the proxy network, a variant of the U-Net architecture [60] is chosen. It consists of a 

contracting path to capture and process the context of the input image and a symmetric expanding path 

that can restore the initial image size. The contracting path, also called encoder, consists of the repeated 

application of two 3x3 convolutions, each followed by a leaky Rectified Linear Unit (ReLU) and a 2x2 max 

pooling operation with stride 2 for down-sampling. At each down-sampling step, the number of feature 

channels is doubled. In the expansive path, also denoted as decoder, an up-sampling followed by a 2x2 

convolution that halves the number of feature channels, a concatenation with the correspondingly cropped 

feature map from the encoder, and two 3x3 convolutions followed by a leaky ReLU is performed. The used 

variant has {32,64,128,256} encoder channels and vice versa for the decoder. In addition to the full gated 

image and the LiDAR depth map, four more channels are provided as input. The additional channels contain 

the values of the gated parameters replicated over the spatial dimension. To encourage the model to learn 

the effects of the hyperparameters on the output image, the hyperparameter channels are further 

appended to each down-sample layer [30]. Each up- and down-sampling operation is performed 

independently per channel to avoid unwanted dependencies. The hyperparameter inputs, the LiDAR depth 

maps and the full gated image are normalized to lie in the [0,1] interval. This allows for a more stable 

training [30]. To provide better guidance during training, a multi-scale loss is used. Two additional stages of 

the decoder are extracted and flattened. The resulting images with a lower resolution than the output are 

then compared to a down-sampled version of the ground truth. The model is trained with the synthetic 

dataset. 

 

Figure 4.5: Architecture of the proxy network. The input of the network are p = 4 gated parameters, the full 
gated image and the LiDAR depth map. The proxy network is inspired by the U-Net architecture but consists 
of additional parameter appendages at every down convolution step. The loss is derived by comparing the 
output of the network with a ground truth gated slice in three scales. 

Form and Parameterization of Depth Network 

The depth network is realized using a variant of the U-Net architecture as well. This differs from the variant 

used for the proxy network in the following aspects: It receives only the three gated slices as inputs and 
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therefore has only three input channels. Also, nothing is appended to each down.-sample layer. In this case, 

a multi-scale loss is implemented as well. Following Gruber et al. [57], the target depth maps are limited to 

cover a range up to 150m. The gated slices and the target depth maps are normalized to lie in the [0, 1] 

interval for more stable training. The architecture of the network that fulfils the depth prediction is 

depicted in Figure 4.6 in the pre-training state. Figure 4.7 shows the complete architecture of the neural 

network used for searching for optimal hyperparameters. There, the proxy function is used for the creation 

of gated slices. Those slices are then processed to a dense depth map by the depth network.  

 

Figure 4.6: Architecture of the depth network. Three gated slices are used as input. The architecture is 
based on the U-Net. The loss is derived by comparing the output of the network with a ground truth depth 
map in three scales.  

 

Figure 4.7: Architecture of the Optimization Network. The proxy network is used to predict three different 
gated slices for one scene, depending on the gated parameters. The three slices are then used to predict a 
depth map using the depth network. Since the proxy function is differentiable, an optimizer can be used for 
optimizing the gated parameters with respect to the depth-specific loss. 
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4.5 Loss 

The loss function defines the objective which is optimized during training. Since the proxy function and the 

depth function don’t fulfil the same task, different loss function was chosen. These are described in more 

detail below. First, an explanation to how the loss is derived in multiple stages is given. 

Multi-Scale Loss 

The multi-scale loss penalizes differences between the ground truth and the estimates at different scales 

that are extracted from the decoder of the FCN. The multi-scale loss is defined by 

𝐿𝑡𝑎𝑠𝑘
𝑚𝑢𝑙𝑡(𝑦, 𝑦′) = ∑ 𝜆𝑚𝑖

𝐿𝑡𝑎𝑠𝑘(𝑦(𝑖), 𝑦′(𝑖)),

𝑠

𝑖=1

 

where 𝑦(𝑖)and 𝑦′(𝑖) are the network’s output and target at a scale (𝑖). 𝐿𝑡𝑎𝑠𝑘(𝑦(𝑖), 𝑦′(𝑖)) is the task-specific 

loss at scale (𝑖). The task refers to either the proxy network (𝐿𝑝𝑟𝑜𝑥𝑦) or the depth network (𝐿𝑑𝑒𝑝𝑡ℎ). 𝜆𝑚𝑖
 is 

the weight of the loss at the corresponding scale. As shown in Figure 4.5 and Figure 4.6, for both tasks 𝑆 =

3 scales denoted as 𝑖 = {0,1,2} are defined. Scale 0 corresponds to the output of the network with the 

highest resolution. Scale 1 and 2 are from earlier stages with lower resolutions. The target images are 

resized to have a corresponding resolution of 1/2i. The weight of each scale is defined by 

𝜆𝑚𝑖
= 1 − 0.2𝑖 

This achieves a higher weight for an output with a higher resolution. In general, using a multiscale loss leads 

to better training behaviour since the network is guided to take the appearance of the desired target 

already at earlier stages.  

Loss of Proxy Network 

The loss function is the task-specific metric that is minimized by the NN during the training process. In the 

case of the proxy-function, the loss 𝐿𝑝𝑟𝑜𝑥𝑦 is chosen to be a combination of an 𝐿1term and a variation of 

the Structural Similarity (SSIM) index term, defined the following by Godard et al. [61]: 

𝐿𝑝𝑟𝑜𝑥𝑦(𝑂𝑝𝑟𝑜𝑥𝑦 , 𝑂𝑔𝑎𝑡𝑒𝑑) = 0.85
1 − 𝑆𝑆𝐼𝑀(𝑂𝑝𝑟𝑜𝑥𝑦 , 𝑂𝑔𝑎𝑡𝑒𝑑)

2
+ 0.15 ||𝑂𝑝𝑟𝑜𝑥𝑦 − 𝑂𝑔𝑎𝑡𝑒𝑑||

1
 

Loss of Depth Network 

For pre-training the depth network, as well as optimizing the parameters, the reverse Huber (berHu) loss as 

introduced by Laina et al. [62] is used. It is defined by 

𝐿𝑑𝑒𝑝𝑡ℎ(𝑂𝑑𝑒𝑝𝑡ℎ, 𝑇) =
1

𝑁
∑ 𝐵(𝑂𝑑𝑒𝑝𝑡ℎ,𝑖 − 𝑇𝑖)

𝑁

𝑖=1

 

with 𝐵(𝑥) = {
|𝑥| ∨ 𝑥 ∨≤ 𝑐
𝑥2+𝑐2

2𝑐
|𝑥| > 𝑐

 

The variable c is calculated with 𝑐 =
1

5
𝑚𝑎𝑥

𝑖
(|𝑂𝑑𝑒𝑝𝑡ℎ,𝑖 − 𝑇𝑖|) where 𝑖 indexes all 𝑁 pixels over each image. 

That means that the boundary is set to 20% of the maximal 𝐿1 deviation that is observed in the considered 
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images. The berHu loss corresponds to the 𝐿1 norm when 𝑥 ∈ [−𝑐, 𝑐] and to the 𝐿2 norm outside this 

range. It puts high weight towards corresponding pixels with a high deviation because of the 𝐿2 term. At 

the same time, 𝐿1 accounts for a greater impact of smaller deviations than 𝐿2 would [62].  

4.6 Results 

The optimal parameters were chosen to be those that can achieve the highest accuracy for the depth 

prediction task. These can be obtained when pre-training the depth network with a learning rate of 0.0001 

for 10 epochs and optimizing the parameters afterwards for 30 epochs while training the depth network 

with a learning rate of 0.001 with learning rate decay both using the berHu loss. The optimized parameters 

can be found in Table 4.1. 

Baseline 

To determine the improvement for depth estimation with gated images by optimizing the gating 

parameters, a comparison to a baseline, which estimates depth from non-optimized gated slices, needs to 

be created. Since the goal is to show an improvement in depth estimation achieved solely by optimizing the 

gated parameters, a baseline is created with a FCN based method that uses the non-optimized parameters. 

It is trained in a supervised way, with the ground truth depth maps contained in the dataset. The inputs are 

generated with the synthetic dataset framework using the parameters proposed by Gruber et al. [57], 

shown in Table 4.1. The U-Net is used. The learning rate is set to 0.0001. The loss function is chosen to be 

the berHu loss and it is trained for 25 epochs. The results that are obtained are evaluated on the test 

dataset. The best results were achieved after 23 epochs. 

Table 4.1: Baseline and optimized gating parameters 

Parameters Baseline Parameters Optimized Parameters 

Slice 1 Slice 2 Slice 3 Slice1 Slice2 Slice 3 

Pulses 202 591 770 176 566 907 

𝑡0[𝑛𝑠] 260 400 750 310.40 452.38 756.44 

𝑡𝑔[𝑛𝑠] 220 420 420 165.48 364.37 448.18 

𝑡𝑙[𝑛𝑠] 240 280 370 268.18 306.72 427.04 

Qualitative Results 

The depth maps in Figure 4.8 show a clear gain for the optimized parameters compared to the baseline 

parameters. The error maps indicate larger deviations from the ground truth with brighter colours. In most 

images, noise in the sky region can be reduced or eliminated ((a), (b), (d)). In addition, fine details can be 

reproduced better (d). In some samples, where the baseline parameters are able to provide good 

estimations, no visual improvement can be observed (c). This example shows also that sporadic spots can 

occur where the baseline parameters are able to predict the depth map with a lower deviation to the 
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ground truth. However, examples where the optimized parameters lead to an overall visibly inferior quality 

or images with systematic errors cannot be identified. 

 

Figure 4.8: Comparison of baseline and optimized depth estimations. Below the depth estimation, the 
corresponding error map is displayed, where brighter areas indicate. 

Quantitative Results 

The metrics in Table 4.2, which are obtained by evaluating the test dataset, show a clear improvement for 

the optimized parameters. The MAE reached an improvement of 13.1% and the RMSE an improvement of 

5.9%.  

Table 4.2: Results of depth networks trained with baseline and optimized parameters. 

Configuration MAE RMSE 𝜹𝟏 𝜹𝟐 𝜹𝟑 

Baseline 3.555 12.811 95.815 97.656 98.410 

Optimized 3.090 12.050 96.059 97.979 98.621 
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4.7 Conclusion 

For this work, a framework for optimizing gated parameters with the use of proxy functions is 

implemented. An optimization for the task of reconstructing depth maps from three synthetically 

generated gated slices with FCNs is performed. The proxy function is implemented as a variant of the U-Net 

neural network. It is found that using a full gated image and LiDAR data as input leads to a model that can 

recreate gated images with sufficient accuracy. For optimizing the gated parameters, a depth network 

needs to be pre-trained with gated slices that are created with unoptimized parameters. Following, the 

gated parameters that determine the input images for the depth network, created with the proxy function 

can be optimized with a gradient based optimizer. It is important that both gated parameters and learnable 

parameters of the depth network are adaptable during the optimization process. The optimized parameters 

create gated images where the first and second slice have a lower intensity compared to handcrafted 

baseline images. The third slice is characterized by a higher intensity and a higher covered range. In a direct 

comparison between baseline and optimized parameters, a clear improvement in the created depth maps 

can be observed. Improvements are noticeable through reduced noise and a better reproduction of fine 

details. Thus, it can be concluded that the optimization of gated parameters is effective and has the 

potential to improve existing state-of-the-art methods for depth estimation from gated images. 

Future Work 

In a next step, the optimization of the gated parameters for depth estimation can be performed for real-

world data. Here, the concepts that have proven to be effective with the use of synthetic data can be 

adopted. An optimization of gated parameters for other environmental conditions is also imaginable. Since 

LiDAR is unreliable in adverse weather, other inputs for the proxy functions need to be investigated. 

Possible options would be the use of three gated slices, stereo data or a full gated image. For the use of 

three gated slices, the influence of motion artefacts has to be minimized. When using stereo images, two 

gated cameras are necessary. A good model from full gated images can be achieved by using a larger 

dataset and more sophisticated neural network architectures. Additionally, the gated parameters could be 

optimized for other tasks like object detection. Here, optimization could for example make an important 

contribution in improving early detection of lost cargo. 
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List of abbreviations 

Abbreviation Meaning 

APD Avalanche Photo Diode 

berHu Reverse Huber 

BRDF Bidirectional Reflectance Distribution Function 

CMA-ES Covariance Matrix Adaptation-Evolution Strategy 

CNN Convolutional Neural Network 

DSP Digital Signal Processing 

FCN Fully Convolutional Network 

GTAV Grand Theft Auto V 

IoU Intersection-over-Union 

ISP Image Signal Processor 

LiDAR Light Detection and Ranging 

MAE Mean Absolute Error 

mAP Mean of Average Precision  

MEMS Micro Electro Mechannical System 

MOO Multi-Objective Optimization 

NIR Near InfraRed  

PC Point Cloud 

ReLU Rectified Linear Unit 

RMSE Root-Mean-Square Error 

SNR Signal-to-Noise Ratio 

SPAD Single-Photon Avalanche Diode 

SSIM Structural Similarity 
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