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Abstract 

Demand for high-quality interactive and real-time rendering remains challenging, as it 

requires balancing image realism with computational resources. Static parameter tuning 

of traditional approaches cannot provide adaptive rendering according to the varying 

complexity of dynamic scenes. This limitation arises from two main deficiencies in exist-

ing rendering pipelines: reactive methods that only enhance images after rendering with-

out optimizing the renderer itself, and proactive methods that still rely on manual param-

eter calibration for each scene. These shortcomings are solved by this paper with an inno-

vative optimization method that is a combination of a genetic algorithm (GA) and artificial 

neural networks (ANNs). This method offers a closed-loop system that is not found in any 

other static pipeline. Specifically, in our approach, ANNs will be used to predict the ren-

derer’s initial parameter values from scene descriptor data, such as the number of poly-

gons, lighting, and materials. After predicting the parameters, GA will optimize them 

based on the fitness value, which is determined by maximizing one objective (perceptual 

quality, defined by the SSIM measure) and minimizing another (rendering time). Our ap-

proach can be easily implemented within standard pipeline frameworks (Autodesk Maya 

Arnold). 

Keywords: 3D rendering; ray tracing; artificial neural network; genetic algorithm; hybrid 

optimization; real-time graphics; multimedia systems; imaging 

 

1. Introduction 

Interactive multimedia applications have seen tremendous progress, ranging from 

video gaming to virtual reality and other advanced areas such as digital twins and archi-

tectural visualization. These advances place great pressure on the computational capabil-

ities of current-day 3D rendering systems. Modern-day 3D rendering systems must bal-

ance photorealistic visual appearance with efficient rendering within limited computing 

and memory resources. Despite substantial advancements in graphics processing unit de-

sign and parallel rendering techniques, 3D rendering continues to face challenges with 

complex global illumination and other factors. 

Conventional pipeline approaches [1,2] primarily use hand-tuned static settings to 

control sampling, illumination, shading, and the construction of acceleration structures. 

While the above-mentioned settings may yield acceptable results for certain scenes, their 
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flexibility for changes in dynamic scenes is limited, and they often lead to poor compro-

mises between rendering accuracy and efficiency. As depicted in Figure 1, modern ren-

dering pipelines comprise several interconnected stages, where improper settings can af-

fect rendering efficiency and quality. Several studies have examined the use of machine 

learning algorithms in optimization pipelines for rendering tasks [3–5]. It should be em-

phasized that the application of artificial neural networks (ANNs) can offer significant 

potential for creating non-linear mappings from inputs to outputs. More specifically, feed-

forward ANNs demonstrated good performance for creating those mappings, provided a 

large amount of input data was available for training the network. Nevertheless, the use 

of ANN approaches usually requires large amounts of data, and the model’s generaliza-

tion ability might be questionable across different renderings [6]. 

 

Figure 1. Overview of the core data components and processing stages in the proposed 3D render-

ing workflow. 

On the other hand, genetic algorithms (GA) offer a powerful and population-oriented 

approach for optimization using evolutionary techniques like selection, crossover, and 

mutation to solve highly complex multimodal spaces. They can be applied effectively to 

multi-objective problems with conflicting objectives, such as rendering quality and effi-

ciency. However, pure GA-based approaches to rendering optimization are quite costly, 

since each new potential solution is evaluated by rendering it several times [7]. 

The strengths of both ANNs and GAs complement each other, which makes the ap-

plication of these two together quite logical for the purposes of optimization in rendering. 

ANNs allow fast inference and learning of complex non-linear mappings from scene de-

scriptors to rendering parameters through offline training, but at the same time suffer 

from the presence of local optima and are very sensitive to data quality [6]. On the con-

trary, GAs are capable of conducting robust global search in complex multimodal param-

eter space without gradient information, making them very suitable for the optimization 

of multiple contradicting criteria, such as time of rendering and visual quality [7]. Never-

theless, the GA-based optimization is computationally demanding due to repeated fitness 

evaluation, which requires rendering and cannot be applied in real time [8]. Several recent 

studies confirmed the efficiency of GA-ANN hybrids and their ability to achieve better 

results than those obtained by either ANNs or GAs separately [9–12]. Our hybrid 
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algorithm utilizes the advantages of both approaches and combines them—the ANN pro-

vides a good initial solution, while the GA optimizes it locally during 10–20 generations 

of real-time calculations. This combination of strengths and weaknesses clearly indicates 

a large research gap, and current rendering optimization techniques can be classified into 

two types: those that use fixed sets of parameters for optimization and post-rendering 

techniques, which do not offer any intelligent, closed-loop system to optimize pre-render-

ing parameters. 

The approach to overcoming this constraint is to develop a combined GA-ANN  

model for adaptive rendering optimization in 3D graphics processing. The approach in 

question is based on a two-step optimization algorithm. First, an ANN estimates an initial 

set of near-optimal rendering parameters, considering the geometry’s complexity, light-

ing conditions, materials, and camera settings. Next, GA optimizes the set of parameters 

via multi-objective optimization, subject to constraints on perceptual quality and render-

ing performance. This is done by using a function that evaluates the structural similarity 

index (SSIM) and rendering speed simultaneously. 

The suggested framework uses an adaptive closed-loop optimization process that 

adjusts rendering parameters based on scene and perception requirements. By leveraging 

the rapid decision-making of artificial neural networks and the search capabilities of ge-

netic algorithms, the framework addresses several shortcomings of conventional static 

rendering approaches and standalone optimization schemes. The results presented in the 

paper show a significant increase in rendering speed without degrading perceptual image 

quality. The main contributions of this work are summarized as follows: 

• Formulation of an optimization model for intelligent parameter adjustment for scene-

aware rendering based on the combination of ANN and GA algorithms. 

• Derivation of a unified scene descriptor for capturing geometric, lighting, material, 

and camera characteristics of scenes. 

• Conception of an effective GA that ensures quick optimization of parameter values 

and is thus applicable to fast rendering processes. 

• Incorporation of a threshold-based perceptual quality assessment scheme under the 

guidance of SSIM. 

• Creation of an efficient technique for scene-aware rendering that reduces rendering 

time by up to 98%. 

The rest of the paper is structured as follows. Section 2 gives an overview of some of 

the most important developments in rendering optimization and neural rendering. Sec-

tion 3 introduces the hybrid GA-ANN approach proposed for optimization. Section 4 pro-

vides details on the experiments conducted and the resulting quantitative results. 

2. Materials and Methods 

However, even today’s efforts to produce realistic and interactive 3D graphics 

through rendering are constrained by a tradeoff among visual quality, efficiency, and 

memory usage. Today’s 3D graphics processing pipelines, including geometric pipelines, 

image-based rendering (IBR) pipelines, and neural pipelines, are all complex, with nu-

merous parameters that must be manually determined or optimized for specific scenes. 

This chapter provides an overview of the current research and discusses how each ad-

dresses the aforementioned challenge and why our suggested framework is needed. 

2.1. Real-Time Ray Tracing and Rendering Optimization 

Awareness of performance limitations in modern rendering engines is critical to any 

optimization strategy. In a detailed investigation of the effect of render times and energy 

consumption in ray tracing, Vasiou et al. [13] concluded that system memory was the 
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main consumer of energy. The demands for real-time performance and improved image 

quality have fueled efforts to develop specialized hardware and optimization techniques. 

Reynolds et al. [14] proposed a method for generating occlusion maps through per-pixel 

quads. This results in the generation of high-quality shadow maps capable of supporting 

adaptive level-of-detail rendering. Studies in hardware-based ray tracing established the 

path for real-time ray tracing. Purcell et al. [15] were the first to propose an effective ap-

proach to GPU-based ray tracing through grid and triangle representation of the geome-

try. A ray tracer that is efficient to use on an FPGA and CPU was introduced by Fender 

and Rose [16], where they used efficient task scheduling and memory access techniques. 

2.2. Geometric Acceleration Structures and GPU-Based Rendering 

Apart from the hardware components, the algorithmic improvements focused on op-

timizing rendering performance through geometric representations and compression. 

Edenhofer et al. [17] developed a series of techniques that enable artists to control final 

renders, including realistic RGBZ scenes using screen-space techniques. Lousada et al. [18] 

presented parallel algorithms for GPU ray tracing, focusing on memory usage and band-

width compression, while noting that Bounding Volume Hierarchy (BVH) construction 

time remains an issue for predictive optimization. 

Other techniques for acceleration have also been studied. For instance, Feldmann [19] 

applied the R-tree structure for accelerating ray tracing, using traversal algorithms that 

do not need pre-processing and compete in efficiency with KD-trees. 

2.3. Production Rendering Engines and Manual Parameter Tuning 

However, the main difficulty remains the need for manual parameter adjustments. 

In this respect, Tatarchuk et al. [1] presented state-of-the-art improvements, including two 

techniques considered most relevant to this research. First, the Mega Light feature in Un-

real Engine 5 enables “orders of magnitude more dynamic and shadowed area lights” 

through stochastic direct lighting. It should be noted that Narkowicz and Costa say that 

“light sampling techniques, particularly explicit ones, have not been easily scalable to the 

needs of next-generation consoles by hand tuning.” Second, Sousa discussed the shift to-

wards real-time global illumination within the idTech 8 DOOM: The Dark Ages. The two 

engines discussed are clear examples of why our approach is justified, as they are the most 

advanced production rendering engines that require dynamic control systems. 

2.4. Neural Rendering and Novel View Synthesis 

In fact, image-based rendering offers a different approach from geometry-based ren-

dering techniques, particularly for novel view synthesis with sparse input. The technique 

of “multi-morphing” was introduced by Seibt et al. [20] as a new approach to IBR that 

creates an “image graph,” that is, a spatial data structure consisting of 2D images, in order 

to perform novel view synthesis in 6-Dof without knowing the depths of every pixel in 

the image or constructing the 3D model. It is demonstrated here that VR-compatible frame 

rates (>90 FPS) can be achieved with relatively old hardware, though with limitations such 

as visual artifacts (e.g., ghosting due to parallax), the need for proper camera calibration, 

and user-defined thresholds. 

Aryal et al. [3] investigated optimized 3D Gaussian Splatting for efficient real-time 

scene rendering. Their work focused on improving rendering efficiency through opti-

mized scene representation and parameter tuning for Gaussian primitives. Nevertheless, 

adaptive optimization of rendering engine parameters before image generation was not 

addressed. 
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2.5. 3D Gaussian Splatting and Neural Graphics Optimization 

Neural rendering algorithms have made tremendous strides toward achieving real-

time novel view synthesis; however, they also pose certain difficulties in parameter opti-

mization. In their study, Aryal et al. [3] provided a detailed analysis of 3D Gaussian Splat-

ting (3DGS) used for real-time 3D scene generation and concluded that, in contrast to 

other techniques based on neural radiance fields (NeRF), 3DGS required less training time 

and memory resources by a factor of 67% and performed real-time rendering at a speed 

of 89+ FPS. They also addressed the remaining problems related to: (𝜏𝑝 , 𝜏𝑠) and pruning 

parameters, reliance on COLMAP for camera pose estimation, and ad hoc post-pro-

cessing. These papers clearly indicate that while 3DGS is a highly capable rendering en-

gine, it lacks a smart, adaptive control system. 

Yura et al. [4] proposed EventSplat, a technique for novel view synthesis in scenarios 

with high movement using event cameras. In this paper, we have found some support for 

our proposed system in one respect: the use of event-to-video initialization techniques for 

SfM. The authors clearly state that “reconstruction of 3D data purely from events is quite 

difficult,” which itself supports our ANN-based initialization approach. 

Moenne-Loccoz et al. [21] proposed Exact Volumetric Ellipsoid Rendering (EVER), 

which specifically addresses the main issue of 3DGS: “popping” effects caused by incor-

rect sorting. EVER runs smoothly at 30 FPS and 720p on an NVIDIA RTX 4090, but with 

new parameters, including density 𝜎 , 𝛼𝑘 mapping for opacity, and anisotropy regular-

izer loss weights. Solving one optimization problem yields yet another that must be solved 

by hand. 

The theme of optimization-based rendering is prevalent across application areas, in-

dicating the need for adaptive parameter tuning. Balloni et al. [22], for example, focused 

on fashion item reconstruction and discovered that, although 3DGS outperformed NeRF 

in perceptual metrics (PSNR, SSIM, and LPIPS), an inherent compromise always existed 

between the quality of rendering and geometry, which is consistent with the compromise 

that we try to find with our GA component. In addition, the findings from Palma and [23], 

which attempted a hybrid combination of Order Independent Transparency and Direct 

Volume Rendering, highlighted the gains that could be made from an optimization-de-

pendent rendering system, as their system’s effectiveness depended on optimizing the 

different passes during rendering. Finally, the comprehensive work on the VFX pipeline 

by Zhang [24], while analyzing the various stages involved in the visual effects process, 

including 3D modeling and level of detail, brings another factor to light that points to-

wards the need for an optimization-based system, since the complications associated with 

modern rendering processes have now touched a threshold, beyond which there is no 

way forward with static methods, as we did in our system. 

Extending this theme, Fang et al. [25], similarly, through careful tuning of the param-

eters of 3DGS, they showed that the optimized set can lead to gains in PSNR and SSIM by 

4.3% and 0.2%, respectively, supporting the notion that even advanced neural renderers 

need parameter tuning. 

Jiang et al. [26] introduced AnySplat, a feed-forward neural framework capable of 

rapidly estimating scene representations from unconstrained images. The proposed archi-

tecture significantly reduces inference time for neural rendering, although it focuses pri-

marily on scene reconstruction rather than adaptive rendering parameter optimization. 

2.6. Deep Learning for Perceptual Rendering Enhancement 

A parallel track focuses on quality gaps by using a post-processing approach based 

on deep learning. RenderGAN [5] by Mameli et al. uses GANs to reduce the gap between 

real-time renderers (Blender EEVEE) and offline path tracers (Blender Cycles), achieving 
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a UIQI score of 0.898. Thus, it becomes evident that a DNN can upgrade poor-quality real-

time renders to a level of ground-truth path-traced images. 

There are two aspects of RenderGAN’s relevance to our research. First, it provides 

an insight into the possibilities of neural networks in rendering. Second, it helps us to 

identify the exact gap that needs to be filled within our framework. The problem ad-

dressed by RenderGAN is the post-processing of a pre-existing, low-quality real-time ren-

der to enhance its quality by adding “missing” details. It solves symptoms rather than 

causes. We attempt to shift focus and ask not “How can we enhance the quality of a ren-

dered scene?” but “How can we set up the scene for optimal rendering?” 

Yin et al. [27] proposed ENTIRE, a learning-based framework for predicting render-

ing time using scene characteristics. Their method enables fast estimation of rendering 

performance without exhaustive simulations. However, the framework predicts render-

ing time only and does not optimize rendering parameters to jointly improve rendering 

efficiency and image quality. 

2.7. Hybrid AI-Based Rendering Optimization 

The application of genetic algorithms along with artificial neural networks was found 

to be effective for different kinds of optimization problems. The success of ANNs has been 

shown by Kanta and Sangwan [6], whereas the same authors used GA with an ANN to 

optimize surface roughness. Li et al. [7] used GA to optimize the feature selection process 

in backpropagation neural networks, resulting in accurate classification of ECG signal pat-

terns. Xie and Yuille [28] have discussed genetic algorithms in the context of network 

structure evolution, where “optimizing structure and weights simultaneously” can be 

considered the most closely related problem to neural rendering. 

For the purposes of our paper, we will mention another work on neural rendering 

based on hybrid AI technologies. Pham et al. [29] introduced an architecture composed of 

a GA, variational autoencoders, and Pix2Pix for optimizing the layouts of apartments. GA 

allows for efficient search of the latent space. This is another key reference confirming the 

“GA-neural synergy” concept used here in the 3D rendering environment. Recent studies 

across diverse domains have validated the effectiveness of GA-ANN hybrids in achieving 

superior optimization performance compared to standalone approaches [9–12]. 

Tan and Moretti [30] proposed a lightweight rendering parameter optimization 

framework based on XGBoost-driven lookup tables for real-time rendering. Their ap-

proach predicts rendering parameters efficiently with low computational overhead. How-

ever, the optimization process relies on learned lookup tables rather than iterative multi-

objective optimization, making it less flexible for highly dynamic scenes with varying ren-

dering characteristics. 

2.8. User Perception and Quality-Driven Rendering 

Our technical evaluation draws its critical support from the empirical work by Zhang 

et al. [31] on the effect of rendering quality on Metaverse consumer groups. They found 

the Stimulus–Organism–Response framework applicable to explaining the correlation be-

tween 3D realism and graphical vividness, direct outcomes of the rendering process, and 

users’ immersion and empathy, the two factors that drive their virtual consumer behavior. 

It highlights the importance of rendering optimization not only from a technical perspec-

tive but also from a commercial point of view. 

2.9. Physically Based Rendering and Adaptive Parameter Control 

Another connection between photorealistic rendering and scientific research, based 

on the paper by Furquez Herrera [2], concerns the implicit relationship between these two 

areas of work. In this thesis, we analyze the application of V-Ray for computational 
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lighting calculations within architecture. Moreover, we empirically validate the “optimi-

zation bottleneck” for a production-ready rendering workflow. To achieve quantitative 

accuracy in the simulations, interdependent parameters were optimized manually: lumi-

nous flux divided by π, reflectance and roughness values, camera parameters, and global 

illumination parameters. Importantly, the author’s optimization approach provides in-

sights into the emerging paradigm that aligns with the one we have proposed. The ab-

sence of professional programming skills was not an obstacle for Furquez Herrera, who 

used GPT-4 to write Python scripts that implement complex glare-analysis calculations 

(UGR index, solid-angle calculations, Guth Position Index) at the command line. In other 

words, the author’s human–AI collaboration method resembles the strategy we propose 

for parameter prediction using a neural network. Indeed, just as in our case, where our 

ANN learns to perform this task through training data, GPT-4 uses its programming 

knowledge to convert human instructions into computer code. Iterative parameter tuning 

in response to discrepancies between simulation and measurement outcomes is another 

example of validating our proposed GA refinement strategy. 

Herein lies the challenge of optimization, clearly articulated in the context of archi-

tectural lighting as illustrated above—a scientifically oriented quantitative problem that 

production-quality physics-based rendering (V-Ray) can solve only through extensive 

manual tweaking of interrelated parameters. The author’s brilliant idea of using AI-as-

sisted help to solve this optimization problem provides some insight into how to approach 

this issue; however, this solution is a manually driven, ad hoc one. 

2.10. Comparative Analysis of Modern Rendering Optimization Approaches 

Table 1 shows a literature-based comparative analysis of recent approaches to ren-

dering and neural graphics optimization and the suggested GA-ANN approach. The fol-

lowing aspects are compared: the goal of the rendering process, the way scenes are repre-

sented, the stage of optimization, evaluation measures, and key drawbacks. It should be 

mentioned that the discussed approaches deal with different rendering problems on dif-

ferent datasets and hardware architectures using different scene representations. 

Table 1. Comparative analysis of recent rendering optimization methods. 

Method Main Objective 
Input/Scene Repre-

sentation 
Optimization Stage 

Reported Evalua-

tion 

Main Limitation 

Relative to This 

Study 

MegaLights and 

real-time GI sys-

tems [1] 

Real-time lighting 

and shadow ren-

dering 

Explicit 3D geome-

try 

During real-time 

rendering 

Lighting scalability 

and runtime perfor-

mance 

Primarily engine-

specific and still re-

quires parameter 

configuration 

Multi-Morphing 

IBR [20] 

Novel-view syn-

thesis 

Multiple 2D refer-

ence images 
View synthesis 

More than 90 FPS 

and visual-artifact 

analysis 

Requires calibrated 

images and may 

produce parallax 

and ghosting arti-

facts 

NeRF-based 

methods [3] 

Neural scene re-

construction and 

novel-view synthe-

sis 

Multi-view images 

and camera poses 

Neural representa-

tion training 

PSNR, SSIM, train-

ing time, and ren-

dering speed 

Requires scene-spe-

cific training and 

does not optimize 

Arnold sampling 

parameters 

3D Gaussian 

Splatting [3,25] 

Real-time novel-

view synthesis 

3D Gaussian repre-

sentation 

Gaussian training, 

densification, and 

pruning 

FPS, PSNR, SSIM, 

and memory usage 

Requires explicit 

tuning of 
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densification, prun-

ing, and opacity pa-

rameters 

EventSplat [4] 

Novel-view syn-

thesis under rapid 

motion 

Event-camera data 
Reconstruction and 

initialization 

Reconstruction 

quality and novel-

view performance 

Designed for event-

based reconstruction 

rather than produc-

tion-renderer pa-

rameter control 

EVER [21] 

Artifact reduction 

in Gaussian ren-

dering 

Volumetric ellipsoid 

representation 

Representation and 

rendering optimiza-

tion 

30 FPS at 720p and 

artifact reduction 

Introduces addi-

tional density, opac-

ity, and regulariza-

tion parameters 

RenderGAN [5] 

Enhancement of 

low-quality ren-

dered images 

Previously rendered 

images 
Post-processing 

UIQI and percep-

tual image quality 

Enhances the output 

after rendering ra-

ther than optimizing 

the renderer config-

uration 

Proposed GA-

ANN Frame-

work 

Adaptive optimi-

zation of rendering 

parameters 

Explicitly modeled 

Arnold scenes and 

scene descriptors 

Before and during 

parameter refine-

ment 

Rendering time, 

MSE, PSNR, and 

SSIM 

Currently evaluated 

using Arnold and 

four Full HD test 

scenes 

As opposed to approaches based on neural radiance field and novel-view synthesis 

techniques, our approach does not generate a scene out of multi-view images. Instead, it 

works on explicit 3D models and predicts the sampling and quality parameters that the 

Arnold rendering engine requires. ANNs provide fast, scene-dependent initialization of 

parameters, whereas GAs optimize the configuration predicted by ANNs based on ren-

dering time and quality criteria. Hence, the presented framework can be seen as a supple-

ment to neural rendering approaches. 

2.11. Research Gap and Motivation 

The literature review shows a clear split between two strategic lines. The first is reac-

tive and image-focused. It is represented by RenderGAN [5] and other neural super-

sampling techniques [13,25]. This strategy is based on the output of a static renderer and 

uses deep learning to synthesize missing information. Although it is a proof of the repre-

sentational capability of neural networks, it cannot compel the renderer to use more sam-

ples or to produce better acceleration structures. 

The second strategy is proactive and scene-focused. Algorithmic advancements in 

3DGS represent it [3], EVER [21], and production engines [1]. However, as Aryal et al. [3] 

have clearly recorded and shown by the need for manual calibration in EVER [21] and V-

Ray [2]. This strategy is currently at the peak of static optimization. 

This is the specific research gap we fill: There is no existing system that provides a 

closed-loop, real-time optimization platform capable of intelligently traversing the enor-

mous, multi-objective parameter space of a modern renderer before image generation. 

RenderGAN seeks to optimize the final image; our system seeks to optimize the system 

that generates the image. EventSplat demonstrates the strength of learned priors for ini-

tialization; EVER shows that solving new problems requires optimizing new parameters. 

The architectural case study by Furquez Herrera provides a rigorous reference environ-

ment and ground-truth basis for evaluating the proposed optimization framework. Mean-

while, the user study by Zhang et al. provides the perceptual rationale by indicating that 

appropriately optimized rendering parameters can contribute to enhanced user 
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immersion.Unlike any other existing approach, our proposed approach combines these 

different trends into a single framework by leveraging ANN-based fast, scene-aware pa-

rameter prediction, which has been verified by Pham et al. [29], EventSplat [4], and Ren-

derGAN [5], and GA-based robust parameter fine-tuning. By directly borrowing method-

ological insights from latent space optimization [29], we address unmet demands in cur-

rent state-of-the-art rendering systems: densification thresholds in 3DGS [3], parallax fil-

tering thresholds in multi-morphing [20], density and anisotropy parameters in EVER 

[21], and photometric calibration parameters for PBR engines [2]. Essentially, our pro-

posed approach shifts the paradigm from post hoc image enhancement to prediction-

based parameter control, upgrading the rendering system from a static configuration task 

to an intelligent, self-optimizing system. 

Recent neural radiance methods, including NeRF, EventSplat, EVER, and 3D Gauss-

ian Splatting, primarily address scene reconstruction and novel-view synthesis from 

multi-view images. In contrast, the present framework operates on explicitly modeled 3D 

scenes and optimizes the sampling and quality parameters of the Arnold renderer before 

image generation. Consequently, a direct quantitative comparison would require con-

structing an additional multi-view capture, camera-pose estimation, training, and novel-

view evaluation pipeline. Therefore, the present study provides a methodological com-

parison with recent neural rendering approaches, while a controlled experimental com-

parison using common scenes, hardware, and quality metrics is identified as future work. 

3. Proposed Hybrid GA-ANN Framework 

The following section gives a brief description of the design of the proposed GA-

ANN hybrid system, which compensates for the limitations posed due to fixed values of 

the rendering parameters in the present graphics pipeline systems, as illustrated in Figure 

1. The methodology adopted in this research includes two stages as follows: 

Stage 1: Predicting rendering parameter values using the feed-forward ANN model. 

Stage 2: Further refining the rendering parameter values by using GA. 

3.1. Extraction of Scene Descriptors 

For all 3D scenes, the corresponding scene descriptors are collected, and then the 

generated set is used as the input data of the ANN; see Figure 2. The reliable indicators, 

which were determined to predict rendering time and image quality, include: geometry 

complexity, expressed by the number of vertices, number of triangles, geometry depth 

complexity and distribution of level-of-details; material complexity, expressed by the 

number and material types, shader complexity, texture density; lighting complexity, ex-

pressed by the number of dynamic lights, global illumination, shadow settings; and cam-

era settings, expressed by camera angle, distance to the object and field of view. Such scene 

descriptors are compiled into a feature vector (s). Recently, the significance of such factors 

as texture density and number of triangles was demonstrated during the experiments for 

multi-resolution rendering [32], where an adaptive approach showed extremely high ac-

curacy. Moreover, the ENTIRE method [27] recommended taking into account just a few 

scene descriptors to describe scene performance. We will use this experience in our frame-

work. 
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Figure 2. Proposed scene-aware feedforward ANN-based framework for rendering parameter prediction and integration with the rendering pipeline. 
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3.2. ANN-Based Parameter Prediction 

The mapping from the scene descriptor vector (s) into the initial set of rendering pa-

rameters 𝑝0 is accomplished via a multi-layer feed-forward neural network (ANN), as 

illustrated in Figure 2. (a) ANN architecture: The architecture consists of an input layer 

which has the same dimension as (s), two hidden layers employing the ReLU activation 

function, dropout, and batch normalization in order to stabilize training, and a linear out-

put layer for regression. (b) ANN output: The ANN aims at predicting the following key 

rendering parameters: the ray sampling ratio, light samples, Bounding Volume Hierarchy 

(BVH) quality, anti-aliasing cutoff, and global illumination depth. (c) ANN training: It is 

done in an offline manner with the help of a supervised learning technique, where the 

training data consists of previously rendered images. The optimal parameters are ob-

tained via a brute-force search of the multi-objective fitness criterion, which considers the 

render time and the SSIM [33] of the image quality.  Several improvements have been 

made to the area of feed-forward neural rendering in recent years. Among those improve-

ments, one is AnySplat [26], which performs real-time inference on the primitive distribu-

tion and the camera pose from uncelebrated images, demonstrating that real-time infer-

ence of a neural scene is feasible. Similarly, ENTIRE [27] proposes a two-stage autoen-

coder structure, which infers the volume rendering times for a particular scene by making 

predictions about its properties via fast inference. Similarly to ENTIRE, we follow the 

same concept in our ANN architecture. Below is the description of the proposed ANN 

architecture in Table 2. The prediction architecture is a feed-forward neural network that 

predicts continuous-valued parameters for scene-based rendering. 

Table 2. Architecture of the proposed ANN model. 

Layer Type Activation Function Description 

Input Layer Dense --- 
Accepts scene descriptor data comprising geometry, illumination, mate-

rials, and camera-related aspects. 

Hidden Layer 1 Dense ReLU 
Obtains low-level scene-complexity descriptors for estimating render-

ing cost. 

Hidden Layer 2 Dense ReLU 
Captures the complex relationship between scene attributes and adap-

tive rendering techniques. 

Output Layer Linear Linear 
Determines adaptive render settings such as AA, sampling rates, BVH 

quality, and global illumination settings. 

In the proposed ANN architecture, two hidden fully connected layers with ReLU 

activation functions are used to learn the highly nonlinear relationship between scene at-

tributes and rendering options. The first hidden layer learns intermediate scene-complex-

ity representations, while the second hidden layer performs nonlinear mapping between 

these representations and the adaptive rendering parameters. For the output layer, a lin-

ear activation function is used because the task is formulated as a regression problem over 

continuous rendering parameters such as sampling frequency, anti-aliasing, BVH preci-

sion, light sampling, and global illumination. 

Dropout and batch normalization are applied to stabilize the training process and 

reduce the risk of overfitting. In addition, the network is trained using supervised learning 

based on rendered datasets obtained by sweeping rendering parameters across various 

benchmark scenes. 

• Prediction: The output of the model consists of key render settings, including sample 

rate, lighting samples, BVH accuracy, and anti-aliasing. 
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• Training: The network is trained based on supervised learning, using rendered im-

ages together with their optimal rendering settings. These rendering settings are com-

puted using a multi-objective fitness function that accounts for rendering time and 

SSIM. 

Figure 2 illustrates the design for the scene-aware feed-forward ANN framework for 

parameter prediction and pipeline integration during rendering. The ANN takes input 

scene descriptors in terms of geometry complexity, material complexity, lighting com-

plexity, camera parameters, and previous rendering performance data. Then, these de-

scriptors are mapped to output rendering parameters, which are eventually fed back to 

the rendering pipeline. In the given architecture, the first hidden layer is used for learning 

the intermediate representation of the input scenes, and the second hidden layer does a 

nonlinear mapping between the input and output scene characteristics. 

The role of the ANN in the overall hybrid GA-ANN architecture is further clarified 

in Figure 3. Instead of being utilized as a stand-alone optimization algorithm, the ANN 

serves as a starting point that estimates the values of the rendering parameters (𝑝0). These 

initial parameter values are further optimized by the GA phase to obtain the optimal pa-

rameter values ( 𝑝∗ ), which will then be fed into the MayaAArnold (Available at: 

https:AAwww.autodesk.comAinAproductsAmaya (accessed on 6 May 2026)) rendering pro-

cess. 

The two layers of hidden neurons were chosen as an efficient architecture that pro-

vides sufficient capacity for nonlinear modeling without introducing additional compu-

tational burden. Using a single layer of hidden neurons could be less effective in decou-

pling the feature extraction process from the nonlinear parameter-mapping task, whereas 

a deep network could increase the complexity of the model. Hence, the two hidden layers 

of ANNs were used as an efficient architecture for producing the initial prediction of the 

rendering parameters. 

However, we note that the current architecture is not globally optimal either. Other 

neural network architectures might yield similar or even better performance after appro-

priate optimization. Hence, the current manuscript has been revised to reflect this limita-

tion explicitly, and future work will involve conducting ablation studies on varying depth, 

number of neurons, activations, optimizers, learning rate, and regularizations. Such mod-

els will be analyzed based on render time, MSE, PSNR, and SSIM. 

https://doi.org/10.3390/computers15080500


Computers 2026, 15, 500 13 of 27 
 

https://doi.org/10.3390/computers15080500 

 

Figure 3. A hybrid GA-ANN framework for adaptive rendering parameter optimization. 
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3.3. GA Optimized Rendering 

After the ANN prediction, the GA implements local search to find the optimal 𝑝0 

configuration that is denoted as 𝑝∗. The real-time GA implementation is achieved using a 

small population size and a limited number of generations. 

(1) Population initialization takes place using the predicted parameter 𝑝0; other individ-

uals are produced through a slight mutation of 𝑝0. 

(2) According to Tan et al. [30], a weighted multi-objective fitness function is employed 

to evaluate candidate rendering parameter configurations by balancing perceptual 

image quality and rendering efficiency  𝑝: 

𝐹(𝑝) = 𝑤1𝑆𝑆𝐼𝑀(𝑝) − 𝑤2 ⋅ 𝑇𝑟𝑒𝑛𝑑𝑒𝑟(𝑝) (1) 

where 𝑆𝑆𝐼𝑀(𝑝)  represents the perceptual image quality obtained using rendering 

parameter configuration 𝑝 , 𝑇𝑟𝑒𝑛𝑑𝑒𝑟(𝑝)  denotes the corresponding rendering time, 

and 𝑤1 and 𝑤2 are user-defined weighting coefficients controlling the trade-off be-

tween visual fidelity and computational efficiency. The negative sign in the rendering 

time term ensures that lower rendering times increase the overall fitness score. 𝑄(𝑝) 

is a perceptual quality metric (e.g., SSIM), 𝑇(𝑝) is the measured rendering time, and 

𝑤1 , 𝑤2  These are user-defined weights. The negative sign on 𝑇(𝑝)  indicates that 

lower rendering times improve the fitness score. 

(3) The selection phase involves conducting tournaments to select parents. Uniform 

crossover creates new individuals by combining attributes, whereas Gaussian muta-

tion introduces slight random variations [8]. 

(4) The termination process consists of running the program for several generations (10–

20 generations). The best solution obtained at the end of the final generation will be-

come 𝑝∗, which produces optimal values. Several recent works have applied GAs to 

material and render parameters [8]. 

3.4. Integration with Rendering Pipeline 

The proposed framework should be simple to integrate into a standard 3D rendering 

pipeline, such as Autodesk Maya with the Arnold renderer. From Figure 1, we observe 

that. 𝑝∗ The parameters after tuning serve as input for obtaining the final rendering re-

sult. In real time, the framework is applied to each frame, with predictions based on pre-

viously rendered scene descriptors. Specifically, our framework is implemented as a Py-

thon script executed in the Maya Script Editor. The proposed architecture combines tech-

niques of scene analysis, parameter estimation using artificial neural networks, GA-based 

optimization, and an interface specifically designed to interact with the Arnold Renderer 

[34]. 

3.5. Training and Evaluation Protocol 

• Training Data Set: Different types of 3D environments, including the scene involving 

the logo of the studio and the Car Scene (Section 4), will be created using an exhaus-

tive search of all the parameters to find the best parameters to train the ANN [30]. 

• Validation Phase: The proposed algorithm will be validated through test scenes that 

have not been encountered before with respect to different factors such as time re-

quired for rendering, metrics, and rate of convergence [27,30,32]. 

4. Experimental Results and Analysis 

In this section, a combination of ANN and GA to optimize rendering parameters will 

be analyzed to reduce render time while maintaining good visual quality. This analysis is 

https://doi.org/10.3390/computers15080500


Computers 2026, 15, 500 15 of 27 
 

https://doi.org/10.3390/computers15080500 

based on four test scenes, a consistent hardware configuration, and four performance 

measures 

4.1. Datasets Benchmark Scenes 

To analyze and evaluate the performance of the algorithm for different types of 

scenes and rendering complexities, four exemplary 3D scenes were chosen, as summa-

rized in Table 3, namely a Car Scene, a Studio Logo Scene, an Indoor Residential Scene, 

and an outdoor industrial Factory Scene. The chosen 3D scenes range from object-based 

visualization to geometrical graphics, from architectural to interior environments, and 

also exterior environments. In order to create benchmark reference images, for each 3D 

scene, an image was rendered with maximum sampling parameters that have been con-

sidered in this research work, which are Camera Anti-Aliasing (AA = 6) and Subsurface 

Scattering (SSS = 4). 

Table 3. Classification of the selected 3D test scenes according to scene type and principal rendering 

complexity. 

Scene Scene Category Main Rendering Complexity 

Car Scene  

(Mitsubishi) 

ProductAObject  

Visualization 

High geometric complexity, glossy metallic surfaces, 

glass components, complex reflections, refractions, 

and multi-material interactions 

Studio Logo Scene 

(Radio MIX) 

GraphicalAObject  

Visualization 

Medium geometric complexity, physically based materials, 

controlled three-point lighting, soft shadows, and sensitivity 

to indirect-lighting samples 

Indoor Residential 

Scene 

Architectural Interior 

Visualization 

Multiple objects and materials, enclosed lighting conditions, 

indirect illumination, reflections, occlusion, light bouncing, 

and soft shadows 

Outdoor Factory  

Scene 

Industrial Architectural 

Exterior 

Large-scale geometry, environmental illumination, depth variation, 

distant objects, direct sunlight, and broad outdoor shadows 

Selected 3D Test Scenes 

The following four 3D scenes were utilized to test the proposed GA-ANN rendering 

optimization technique at varying geometric, material, and lighting complexities. Studio 

Logo Scene (Radio MIX): a medium-complexity scene featuring physically based materi-

als and 3-point lighting. Although relatively simple from a geometric perspective, it is 

prone to lower sampling of indirect light due to the soft shadows and reflections it exhib-

its. Car Scene (Mitsubishi): a high-resolution scene featuring around two million poly-

gons, gloss metallic materials, glass objects, multiple light sources, and complex reflec-

tions that render it appropriate for the most computationally challenging rendering tasks. 

Indoor Residential Scene: an architectural indoor scene comprising multiple objects, ma-

terials, artificial light sources, indirect lighting, reflections, occlusion, and soft shadows. 

The indoor and outdoor scenes were included following the reviewer's suggestions to in-

crease the test's generalizability. In total, these four scenes include graphical-object ren-

dering, product visualization, indoor architecture, and outdoor industrial visualization. 

The reference images were obtained with the use of the highest sampling rates that have 

been included: AA = 6 and SSS = 4. The chosen scenes are presented in Figure 4, while 

their geometry and settings for rendering are provided in Tables 4 and 5, respectively. 

Four scenes were rendered using Arnold with an aiSkyDome environment, and 

ground truth reference images were produced with maximum sampling levels (AA = 6, 

SSS = 4). It provides an opportunity to test the proposed approach on various degrees of 

geometric complexity, indirect illumination, reflections, shadows, and realistic materials. 
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(a) (b) 

  

(c) (d) 

Figure 4. GA-ANN optimized renderings of (a) the Mitsubishi Car, (b) the Studio Logo, (c) the In-

door Residential Scene, and (d) the Outdoor Factory benchmark scenes. The regions enclosed by the 

red circles show the corresponding GA-optimized results superimposed on the GA-ANN rendered 

images for direct visual comparison. 

Table 4. Specifications of geometry in selected datasets. 

Dataset Vertices Edges Faces UVs 

Mitsubishi Car 1,914,763 3,911,381 1,996,425 161,789 

Radio MIX Logo 19,073 3658 17,518 21,813 

Indoor Residential Scene 130,007 261,823 132,001 353,038 

Outdoor Factory 893,017 1,005,616 494,229 556,267 

Table 5. Rendering configurations of the four selected 3D test scenes. 

Dataset/Scene Renderer Lights Intensity Primary Material Material Params Environment 

Mitsubishi Car Arnold 2× Directional 1.200 
AI Gold Metal + 

AIGlass-Mtoa 

Metal: 

0.940AGlass: 

0.240 

aiSkyDome (1.00) 

Radio MIX Logo Arnold 3× Directional 1.00A0.50 
AI Paint Finish-

Mtoa 

Weight: 

0.990AMetal: 

0.641 

aiSkyDome (1.00) 

Indoor Residential 

Scene 
Arnold 4× Directional 1.00A3.00 

AI Glass + AI 

Standard Surface-

Mtoa 

Weight: 

0.800AMetalness: 

0.000 

aiSkyDome (3.00) 

Outdoor Factory Arnold 3× Directional 2.00 
AI Paint Finish + 

ChromeMtoa 

Weight: 

0.990AMetal: 

0.641 

aiSkyDome (1.50) 
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4.2. Framework and Configuration 

The framework was implemented in Python 3 and developed for Autodesk Maya 3D 

using the Maya Script Editor and the Arnold rendering engine. It consists of four main 

components: scene feature extraction, ANN-based prediction, GA optimization, and a 

rendering interface. The ANN was trained through supervised learning using parameter–

quality sweeps collected from the four selected 3D scenes, where MSE, PSNR, and SSIM 

were calculated against their corresponding ground-truth reference images. Training was 

performed using the Adam optimizer with a learning rate of 0.001, Xavier initialization, a 

batch size of 64, and 5000 epochs. During the GA optimization stage, 10–20 generations 

were employed using tournament selection, uniform crossover, and Gaussian mutation. 

The fitness function minimized rendering time while maintaining a predefined minimum 

structural similarity index (SSIM) value, thereby balancing performance and visual qual-

ity. The experiments were conducted on hardware with limited computational resources 

to evaluate the efficiency of the proposed framework under realistic operating conditions, 

as detailed in the following hardware specifications. 

• Processor: Intel Core i5-2430M @ 2.40 GHz (dual-core, 4 threads) 

• Memory: 8 GB DDR3 RAM 

• Primary GPU: NVIDIA GeForce GT 525M with 974 MB VRAM (CUDA-enabled) 

• Secondary GPU: Intel HD Graphics 3000 (shared memory) 

• Storage: Solid State Drive (SSD) 

• Rendering Environment: Autodesk Maya with Arnold Renderer 

• Implementation Framework: Python 3 using PyTorch, NumPy, OpenCV, and DEAP 

4.3. Performance Measures 

The proposed hybrid framework was evaluated using four key performance metrics 

to measure the rendering speed across four scenes and image quality, providing a com-

prehensive and reliable assessment of the system’s efficiency and overall performance. 

4.3.1. Rendering Time (Minutes) 

Rendering time, the measure of the time taken to generate the final render image, 

measured in minutes, was one of the important parameters for measuring the efficiency 

of the developed framework. The visual quality measures were also included in order to 

make sure that a decrease in rendering time does not negatively affect the quality of the 

generated image. 

As shown in Table 6, the high-quality reference configurations required approxi-

mately 120.00–314.35 min per image. The ANN-based prediction reduced the rendering 

time to approximately 32.58–99.39 min, whereas the GA-optimized configurations 

achieved substantially lower times ranging from 2.19 to 50.10 min. The largest reduction 

was observed in the Mitsubishi Car Scene, where the rendering time decreased from 127 

min to 2.19 min using GA optimization. These results demonstrate that both optimization 

stages accelerated the rendering workflow, while the GA produced the greatest time sav-

ings across the four evaluated scenes. 

Table 6. Rendering-time comparison among the reference, ANN-predicted, and GA-optimized con-

figurations across the four test scenes. 

Scene Reference (min) ANN (min) GA-Optimized (min) 

Studio Logo (Radio MIX) 120.00 32.58 4.27 

Car Scene (Mitsubishi) 127.00 55.56 2.19 

Indoor Residential Scene 314.35 99.39 32.15 

Outdoor Factory 231.13 97.49 50.10 
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4.3.2. Image Fidelity: MSE and PSNR (dB) 

Mean Squared Error (MSE) and peak signal-to-noise ratio (PSNR) are common met-

rics for assessing how closely the resulting image resembles a reference image. MSE 

measures the average of the squared differences between the corresponding pixel values 

in the two images, while PSNR expresses the same error level in logarithmic terms, meas-

ured in decibels (dB), providing a more precise indicator of image quality. Table 7 presents 

the MSE and PSNR values obtained using both artificial neural network-based and genetic 

algorithm-based optimization methods across selected scenes. 

Table 7. MSE, PSNR, and SSIM values with quality classification for ANN and GA configurations 

across the four test scenes. 

Scene & Method MSE 
PSNR 

(dB) 
SSIM 

MSE 

Level 

PSNR 

Level 

SSIM 

Level/Quality 

Level 

Visual Fidel-

ity 

Over-

all 
Decision 

Studio Logo—

ANN 
5.93 40.39 0.947 High High High Quality 

Strong percep-

tual match 
High  Accept  

Studio Logo—

GA 
22.5 34.61 0.864 

Me-

dium 
Medium 

Medium Quality 

(Preview) 

Acceptable for 

preview 

Me-

dium 
Accept—Preview 

Car Scene—ANN 0.16 56.1 0.998 High High High Quality 
Near-perfect 

reconstruction 
High  Accept  

Car Scene—GA 5.2 40.97 0.973 High High High Quality 
High fidelity 

preserved 
High  Accept  

Indoor Residen-

tial Scene—ANN 
4.1186 41.9834 0.9539 High High High Quality 

Strong percep-

tual match 
High  Accept  

Indoor Residen-

tial Scene—GA 
10.1481 38.0669 0.9014 

Me-

dium 
High 

Medium Quality 

(Preview) 

Acceptable for 

preview 

Me-

dium 
Accept—Preview 

Outdoor Fac-

tory—ANN 
4.3134 41.7826 0.9737 High High High Quality 

High fidelity 

preserved 
High Accept 

Outdoor Fac-

tory—GA 
29.6738 33.4071 0.8639 Low Medium 

Medium Quality 

(Preview) 

Acceptable for 

preview 
Low 

Reject/Not Recom-

mended for final out-

put 

Mean Squared Error (MSE) 

The Mean Squared Error (MSE) measures the average squared difference between 

the rendered image and its corresponding reference image. Lower MSE values indicate a 

higher degree of similarity to the reference image, reflecting better image reconstruction 

quality. This metric is calculated using the following equation: 

MSE(𝑥̂, 𝑥) =
1

𝑛
∑(𝑥̂𝑖 − 𝑥𝑖)

2

𝑛

𝑖=1

 (2) 

Here, 𝑛 stands for the total number of pixels, 𝑥̂ is the reconstructed scene, and 𝑥 Is 

the real scene. The lower the MSE, the better the match between the reconstruction and 

the expected outcome. 

Quality thresholds: MSE < 10 → high | 10–25 → medium | > 25 → low. 

Peak Signal-to-Noise Ratio (PSNR) 

The peak signal-to-noise ratio (PSNR) is used to assess image quality by measuring 

the relationship between the maximum signal value and the reconstruction error on a log-

arithmic scale. It is directly dependent on the MSE value, with higher values indicating 

better image quality: 

PSNR(𝑥̂, 𝑥) = 10 log10 (
max(𝑥)2

MSE(𝑥̂, 𝑥)
) (3) 
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Here, max(𝑥)  stands for the highest intensity in the reference volume. A bigger 

PSNR value means better reconstruction quality. 

Quality thresholds: PSNR > 38 dB → high | 30–38 dB → medium | < 30 dB → low. 

4.3.3. Synthesis and Key Observations 

The structural similarity index (SSIM) is a common metric for assessing image qual-

ity. It compares a processed image to a reference image by analyzing its lighting, contrast, 

and structural characteristics. Unlike metrics that rely solely on error calculations, SSIM 

focuses on the degree of similarity in visual content between the two images, making it 

more aligned with human perception of image quality. It is calculated by comparing local 

statistical properties, such as average intensity, contrast, and structural correlation, to as-

sess the degree of similarity between the output and reference images. 

SSIM(𝑚̂, 𝑚) =
(2𝜇𝑚̂𝜇𝑚 + 𝑐1)(2𝜎𝑚̂𝑚 + 𝑐2)

(𝜇𝑚̂
2 + 𝜇𝑚

2 + 𝑐1)(𝜎𝑚̂
2 + 𝜎𝑚

2 + 𝑐2)
 (4) 

where 𝜇𝑚̂ and 𝜇𝑚  represent local means, 𝜎𝑚̂
2  and 𝜎𝑚

2  are variances, and 𝜎𝑚̂𝑚 denotes 

covariance. The stabilizing constants are defined as: 

𝑐1 = (𝑘1𝐿)2,  𝑐2 = (𝑘2𝐿)2 (5) 

with 𝐿 = max(𝑥) represents the dynamic range of the image pixels (𝐿 = 255 for 8-bit im-

ages) and typical values 𝑘1 = 0.01 and 𝑘2 = 0.03. The SSIM score ranges from 0 to 1, with 

values closer to 1 indicating greater structural similarity. 

Thresholds for the four scenes: SSIM > 0.93 → high quality | 0.85–0.93 → medium 

quality (preview) | < 0.85 → low quality. 

The experiment demonstrated that both methods substantially reduced rendering 

time compared with the high-quality reference configurations across all four scenes stud-

ied. The reduction in rendering time ranged from approximately 56% to 73% when using 

the ANN technique, thereby maintaining high visual quality for all four scenes—Studio 

Logo, Car, Indoor Residential, and Outdoor Factory. The GA technique led to much 

higher reductions in rendering times, from 120 to 315 min, using reference configurations 

down to approximately 2–50 min; however, the visual quality achieved using GA de-

pended on the scene specifics. While the Car Scene had an excellent visual quality of 0.973 

SSIM, the other three scenes—the Studio Logo, Indoor Residential, and Outdoor Factory—

had their SSIM values recorded at 0.864, 0.901, and 0.864, respectively. This places the 

latter three scenes in the medium-quality category and makes them usable only for pre-

view rendering. Furthermore, the GA configuration for the Outdoor Factory scene pro-

duced relatively high MSE and low PSNR values, indicating greater visual distortion de-

spite the substantial reduction in rendering time. Overall, these findings demonstrate that 

optimization effectiveness is strongly influenced by the geometric, material, lighting, and 

visual characteristics of each scene. 

4.3.4. Summary of Performance Measures 

To analyze the performance of the proposed framework for rendering optimization 

in terms of computing efficiency and image quality of the four test scenes, rendering time, 

mean squared error (MSE), peak signal-to-noise ratio (PSNR), and structural similarity 

index (SSIM) were considered as evaluation measures. The evaluation parameters and 

quality thresholds for the Studio Logo, Car, Indoor Residential, and Outdoor Factory 

scenes are described in Table 8. Each configuration was analyzed ten times under the same 

operational conditions, and the results were presented by mean ± standard deviation with 

95% confidence intervals. Table 9 describes the performance of the ANN and GA algo-

rithms for the four test scenes. 
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Table 8. Summary of all evaluation metrics. 

Metric Unit 
Optimal Direc-

tion 
Quality Thresholds Role 

Rendering 

Time 
Minutes Lower ↓ No fixed threshold—lower is better 

Computational Effi-

ciency 

MSE Pixel2 Lower ↓ High: <10 | Medium: 10–<25 | Low: ≥25 Pixel-Level Accuracy 

PSNR dB Higher ↑ High: >38 dB | Medium: >30–38 dB | Low: ≤30 dB Signal Fidelity 

SSIM [0, 1] Higher ↑ High: >0.93 | Medium: 0.85–0.93 | Low: <0.85 Perceptual Quality 

The results show that the proposed framework performs effectively on hardware 

with limited computational resources, thanks to a two-stage optimization process. The 

ANN models had good visual quality with all four considered scenes and were thus ap-

propriate for final rendering. On the other hand, the GA models had a higher reduction 

in rendering time and thus were more appropriate for previews. However, the quality of 

vision from GA models was dependent on the scene properties. High-quality visualiza-

tion was possible with the Car Scene; medium-quality images appropriate for previewing 

could be generated with the Studio Logo and Indoor Residential scenes, whereas the Out-

door Factory Scene had poor visual quality. The GA has a higher-speed performance ad-

vantage; however, its appropriateness depends on scene properties. 

Table 9. Statistical validation of ANN and GA rendering performance. 

Scene Method Render Time (min), Mean ± SD 95% CI SSIM, Mean ± SD 

Studio Logo (Radio MIX) ANN 32.58 ± 1.21 [31.83, 33.33] 0.947 ± 0.004 

Studio Logo (Radio MIX) GA 4.27 — 0.864 

Car Scene (Mitsubishi) ANN 55.56 — 0.998 

Car Scene (Mitsubishi) GA 2.23 ± 0.07 [2.19, 2.27] 0.973 ± 0.003 

Statistical analysis was conducted to evaluate the stability and reliability of the two 

proposed optimization methods, ANN and GA, across the four test scenes. Each configu-

ration was tested repeatedly under identical operating conditions. Mean performance val-

ues, standard deviations, and 95% confidence intervals were calculated for rendering time 

and SSIM to assess the consistency and variability of the results across different runs and 

scene types. 

𝜇 =
1

𝑁
 ∑ 𝑥𝑖

𝑁

𝑖=1
 (6) 

while the experimental variability was measured using the standard deviation: 

𝜎 = √
1

𝑁 − 1
∑ (𝑥𝑖 − 𝜇)2

𝑁

𝑖=1
  (7) 

The statistical reliability of the repeated experiments was further quantified using the 

95% confidence interval: 

𝐶𝐼95% = 𝜇 ± 1.96 (
𝜎

√𝑁
) (8) 

From the results above, there was a substantial reduction in rendering time with the 

GA-based approach, but visual quality varied across the four scenes tested. High-level 

visual quality was retained for the Car Scene, while the Studio Logo and Indoor Residen-

tial scenes generated medium-quality images suitable for preview rendering. High levels 

of visual quality degradation were realized in the Outdoor Factory Scene. The small val-

ues of the standard deviations in rendering time and SSIM demonstrate consistency in 

performance across the experiments conducted, as shown in Figure 5 below. Additionally, 

the tight confidence intervals indicate high reliability in the performance and visual-qual-

ity results achieved. 
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Figure 5. Statistical validation of ANN and GA rendering performance across the four test scenes. 

5. Results and Discussion 

The evaluation results of the developed hybrid GA-ANN  approach are presented 

in this section for the following four 3D scenes: Studio Logo, Car, Indoor Residential, and 

Outdoor Factory. The reference, ANN-based, and GA-optimal models were compared 

based on rendering time and quality. The rendering time comparison is provided in Table 

6, whereas MSE, PSNR, and SSIM, along with their quality classification, visual fidelity, 

and decision, are provided in Table 7. The evaluation criteria are presented in Table 8, and 

the optimal directions and thresholds used for quality classification into high, medium, 

and low are also provided. Table 9 shows the statistical analysis of rendering time and 

SSIM, where the average, standard deviation, and 95% confidence interval are presented. 

Both ANN and GA were capable of considerably speeding up the process of render-

ing when compared to the base setups. ANN was able to preserve a high quality of visual 

representation in all four tested scenes, whereas GA results depended on specific features 

of the scenes. GA managed to preserve high quality in the Car Scene, provide medium 

quality suitable for preview rendering in the Studio Logo and Indoor Residential scenes, 

and achieve relatively poor visual results in the Outdoor Factory Scene. 

5.1. ANN Performance Across the Four Test Scenes 

The ANN method provided a significant drop in rendering time while delivering 

high-quality images for all four test scenes. In the case of the Studio Logo Scene, the re-

duction in rendering time was from 120 min to 32.58 min (a decrease of about 73%), and 

the values of MSE, PSNR, and SSIM were equal to 5.93, 40.39 dB, and 0.947, respectively. 

In the case of the Car Scene, the reduction in the rendering time was from 127 min to 55.56 

min (an increase of about 56%), MSE = 0.1597, PSNR = 56.10 dB, and SSIM = 0.9983. In the 

case of the Indoor Residential Scene, rendering time was reduced from 314 min 35 s to 99 
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min 39 s, a reduction of about 68%, while achieving MSE = 4.1186, PSNR = 41.9834 dB, and 

SSIM = 0.9539. Similarly, the Outdoor Factory Scene was reduced from 231 min 13 s to 97 

min 49 s, representing a reduction of about 58%, where MSE = 4.3134, PSNR = 41.7826 dB, 

and SSIM = 0.9737. This shows that the ANN selected an efficient configuration and pro-

vided good-quality renderings despite variations in the environment. The details of the 

rendering times and image quality are provided in Tables 6 and 7, respectively. In contrast 

to the ANN, the GA explores a wider rendering-parameter space to achieve greater accel-

eration, although the resulting visual quality is more dependent on scene characteristics. 

5.2. GA Performance Across the Four Test Scenes 

This evolutionary algorithm searches for the best rendering parameter set in the 

space of rendering parameters through an optimization process employing a fitness func-

tion based on short rendering times within a specified threshold for visual quality. The 

evolution of rendering parameter sets occurs through tournament selection, uniform 

crossover, and Gaussian mutation over multiple generations. 

The GA-based approach achieved greater rendering-time reductions than the ANN, 

although its ability to preserve visual quality varied across the four scenes. In the Studio 

Logo Scene, rendering time decreased from 120 min to 4.27 min, representing a reduction 

of approximately 96%. However, the resulting MSE of 22.50, PSNR of 34.61 dB, and SSIM 

of 0.864 indicated that the image was of medium quality, suitable for preview rendering. 

In the Car Scene, the GA reduced rendering time from 127 min to 2.19 min, achieving a 

reduction of approximately 98% while preserving high image quality with MSE = 5.20, 

PSNR = 40.97 dB, and SSIM = 0.973. For the Indoor Residential Scene, rendering time de-

creased from 314 min 35 s to 32 min 15 s, corresponding to a reduction of approximately 

90%. Its MSE of 10.1481, PSNR of 38.0669 dB, and SSIM of 0.9014 resulted in medium-

quality output suitable for preview applications. In the case of the Outdoor Factory Scene, 

the rendering time decreased from 231 min 13 s to 50 min 10 s, representing about a 78% 

decrease in rendering time. But the MSE = 29.6738, PSNR = 33.4071 dB, and SSIM = 0.8639 

indicate that the degradation is higher and the overall quality is classified as low. GA 

provides significant acceleration; however, its efficiency with respect to visual quality var-

ies with geometry and other scene factors, as shown in Table 10. 

Table 10. GA optimization performance across the four test scenes. 

Scene Time Reduction MSE PSNR (dB) SSIM Overall Quality 

Studio Logo (Radio MIX) 96% ↓ 22.5 34.61 0.864 Medium Quality (Preview) 

Car Scene (Mitsubishi) 98% ↓ 5.2 40.97 0.9734 High Quality  

Indoor Residential Scene 90% ↓ 10.1481 38.0669 0.9014 Medium Quality (Preview) 

Outdoor Factory Scene 78% ↓ 29.6738 33.4071 0.8639 Low Overall Quality 

5.3. Ablation Study 

To better understand the contribution of each component in the proposed hybrid 

framework, an ablation study in Table 11 was conducted by evaluating three configura-

tions: 

• Reference rendering: Default rendering parameters without optimization. 

• ANN only: Rendering parameters predicted directly by the neural network without 

GA refinement. 

• Hybrid ANN + GA: ANN prediction followed by GA optimization. 

The objective of this experiment is to isolate the contribution of the ANN prediction 

stage and the GA optimization stage to render efficiency while maintaining acceptable 

image quality. 
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Table 11. Ablation study of the proposed framework. 

Main Contribution Image Quality Rendering Time Configuration 

Baseline Highest Very High Reference 

Fast parameter prediction High SSIM Moderate reduction ANN Only 

Fine parameter optimization Scene-dependent Maximum reduction ANN + GA 

The ANN stage provides the largest improvement in rendering quality preservation 

while reducing rendering time by approximately 56–73% across the evaluated scenes. This 

demonstrates that the neural network successfully predicts near-optimal rendering pa-

rameters directly from scene descriptors. The addition of the GA further refines these pre-

dicted parameters through multi-objective optimization, reducing rendering time by up 

to 98% in some scenes. Although this additional optimization introduces slight quality 

degradation in highly complex scenes, it substantially improves rendering efficiency. 

These results indicate that both components contribute differently to the final perfor-

mance: 

• The ANN provides intelligent initialization and avoids expensive exhaustive param-

eter search. 

• The GA performs local refinement around the ANN prediction, producing the high-

est rendering speedups. 

Therefore, the overall improvement results from the complementary interaction be-

tween ANN prediction and GA optimization rather than either component alone. 

5.4. Discussion 

As shown by the overall results, the suggested hybrid GA-ANN approach enables 

the user to flexibly adjust the trade-off between rendering efficiency and visual quality for 

four analyzed scenes—Studio Logo, Car, Indoor Residential, and Outdoor Factory. Table 

12 shows that the framework has three major operating modes. The first one is the refer-

ence mode, which ensures maximum visual quality but takes the most time. The second 

is the ANN-based mode, which gives a compromise and accelerates the process without 

sacrificing visual quality. 

Table 12. Recommended rendering modes based on performance across the four test scenes. 

Mode Method 
Relative 

Speed 
Quality * Recommended Use Case 

High Quality Reference Slow BestAReference Quality 
Final offline rendering when execution time is 

not a constraint 

Balanced ANN Medium Consistently High 
Production rendering and quality-critical 

workflows 

Accelerated GA-Optimized 
Fast to Very 

Fast 

Scene-dependent: High, 

Medium, or Low 

Rapid previewing, iterative design, and proto-

typing; final rendering only when the re-

quired quality thresholds are satisfied 

* The GA quality was determined by the nature of the specific scenes. The GA provided high quality 

in the Car Scene; medium quality, suitable for preview rendering, in the Studio Logo and Indoor 

Residential scenes; and low overall quality in the Outdoor Factory Scene. 

This approach, based on ANN, provided the best compromise between the quality 

of images and their rendering times and is therefore best suited for the production envi-

ronment. This algorithm ensured that the visual quality of all four scenes was at its highest 

despite the differences in geometry, material types, lighting, and environment. On the 

other hand, GA sought to decrease the rendering time of scenes and managed to do that 
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considerably; however, it proved to be much more sensitive to the complexity of a scene 

compared to its impact on visual quality. The Car Scene was very tolerant of reductions 

in parameters while still retaining high visual quality, whereas the Studio Logo and In-

door Residential scenes were less tolerant of changes in indirect light and sampling pa-

rameters. The Outdoor Factory Scene was the least tolerant to GA optimization due to 

complex geometry, environmental light, depth, and shadows. 

The reference configuration would still remain the best choice when the highest qual-

ity of an image was needed, and there were no time constraints. Overall, the proposed 

framework provides different renderings depending on the needs of the application and 

scene properties. 

Threshold-Based Quality Classification 

However, in this particular study, those quality thresholds were not considered as 

absolute values. They were chosen based on the analysis of the rendering output that was 

produced by means of systematic alteration of Arnold rendering parameters and compar-

ison of the obtained images to the high-quality reference image using MSE, PSNR, and 

SSIM measures. 

The thresholds shown in Table 8 were chosen based on the analysis of various com-

binations of potential boundaries in the rendering output images generated via the pa-

rameter sweeps, selecting those which had the greatest consistency in distinguishing be-

tween three levels of image quality: images ready for production, images ready for pre-

viewing, and images that needed more refinement. These thresholds were used directly 

as is in both ANN and GA evaluations in the four testing scenes in Table 7. 

The three image quality measures were analyzed together since each measure repre-

sents a different perspective on the quality of rendering. MSE is a measure of the error at 

the pixel level, PSNR shows the fidelity of the signal, while SSIM gives the quality of per-

ceptual and structural similarity. In order to avoid accepting an image with poor visual 

quality because a single measure was good, a strict decision rule was used in which the 

lower classification was chosen. 

The SSIM-based quality categories were defined as follows: 

• SSIM > 0.93: High quality, suitable for final rendering without further optimization. 

• 0.85 ≤ SSIM ≤ 0.93: Medium quality, suitable for preview rendering, iterative design, 

and development workflows. 

• SSIM < 0.85: Low quality, unsuitable for final production and returned to the optimi-

zation stage for further refinement. 

However, SSIM was not used independently to determine the final decision. The 

overall classification was determined by jointly evaluating MSE, PSNR, and SSIM accord-

ing to the conservative decision rule. 

The same decision thresholds were used uniformly across all four test images. As 

indicated in Table 7, all ANN models have been determined to be of high overall quality. 

The GA model received a high-quality rating for the Car Scene and a medium-quality 

rating suitable for preview rendering for the Studio Logo and Indoor Residential scenes. 

Despite the fact that the Outdoor Factory GA model provided medium-level PSNR and 

SSIM values, its overall quality was assessed as low due to the MSE exceeding the allow-

able limit. Thus, this model has been rejected from further production. 

As a result, it can be seen that the proposed decision-making procedure provides a 

more conservative and reliable quality assessment than using SSIM or any other metric 

alone. The selected decision thresholds are specific only to the Arnold renderer, Full HD 

resolution, scene set, rendering conditions, and requirements used within this research. 

Thus, they cannot be considered universal for any other applications. 
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6. Conclusions 

These outcomes clearly show the efficiency of the suggested hybrid GA-ANN ap-

proach, which allows us to save a lot of time during rendering without compromising 

visual quality. These tests were conducted using four 3D models characterized by differ-

ent geometry, materials, lighting conditions, and environment—Studio Logo, Car, Indoor 

Residential, and Outdoor Factory. 

The ANN-based algorithm was found to provide the best performance trade-off be-

tween the efficiency of rendering and the quality of images generated. The rendering time 

using this algorithm decreased by about 56–73% across all scenes without compromising 

image quality, with SSIM greater than 0.93 and PSNR greater than 40 dB for all images. 

In the GA approach, the render speed-up was higher, with reductions in time be-

tween 78% and 98%. However, its quality was more dependent on the characteristics of 

the scenes. For the Car Scene, it provided high quality; for the Studio Logo and Indoor 

Residential scenes, it provided medium quality and could be used for preview rendering; 

in the Outdoor Factory Scene, it provided low quality because the MSE value exceeded 

the threshold. While all GA results had SSIM values above 0.85, their evaluation in terms 

of MSE and PSNR proved otherwise. 

The threshold-based decision layer increased the framework’s effectiveness by allow-

ing it to classify the output as final, for preview, or needing refinement. On the whole, the 

proposed framework is quite effective in terms of rendering modes, where the ANN con-

sistently produces high-quality output with significant time savings, while GA accelerates 

the process when appropriate quality conditions are satisfied. 

In future work, attention will be paid to enhancing the fitness function of the GA by 

introducing more sophisticated perceptual metrics, increasing the diversity of scenes for 

training of the ANN, considering multi-objective optimization algorithms like NSGA-II, 

and carrying out wider comparisons among CPU and GPU environments. 
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