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Abstract 

This paper provides a comprehensive examination of the software ecosystem 

underpinning modern robotic systems control. As robotics transitions from mechanically 

dominated platforms to software-centric architectures, understanding the multi-layered 

software stack becomes critical for engineers, researchers, and industry practitioners. We 

analyze the global robotics software market, present quantitative performance benchmarks 

across software layers, and compare leading middleware frameworks including ROS 2, YARP, 

and proprietary stacks. Our findings demonstrate that software now constitutes 42–45% of 

total robotic system costs in 2024, and that AI-driven software components have grown from 

8.1% to over 30% of software expenditure since 2018. We further document sector-specific 

adoption patterns across seven industries and identify key challenges in real-time 

performance, safety certification, and human-robot interaction. The paper concludes with a 

forward-looking analysis of emerging paradigms including neuromorphic computing, 

federated learning, and quantum-assisted path planning. 

Keywords: robotic software architecture, ROS 2, real-time operating systems, motion 

planning, AI in robotics, middleware, industrial automation, human-robot interaction 

1. Introduction 

The global robotics industry has undergone a paradigm shift over the past decade. While 

early industrial robots were predominantly hardware-centric—programmed via teach 

pendants with minimal software intelligence—contemporary systems rely on sophisticated, 

multi-layered software architectures to achieve autonomy, adaptability, and safety. The 

International Federation of Robotics (IFR) reported 590,000 new industrial robot installations 

worldwide in 2023, representing a 15% increase over 2022 [1]. Crucially, the economic 

contribution of software to total robot system value surpassed 42% in 2023—up from 28% in 

2018—signaling a fundamental realignment of where value is created in the robotics supply 

chain [2]. 

Software in robotic systems is no longer limited to motion control scripts. Modern robotic 

software orchestrates perception pipelines, real-time decision-making, safety monitoring, 

human-robot interaction (HRI), fleet coordination, and cloud connectivity. The Robot Operating 

System 2 (ROS 2), adopted by over 55% of academic and 34% of industrial developers globally 

[3], has emerged as the de facto middleware standard, while deep learning frameworks such as 

PyTorch and TensorFlow power perception and manipulation tasks previously requiring hand-

crafted heuristics. 

Despite this progress, significant challenges remain. Latency requirements in safety-

critical applications demand sub-millisecond response times incompatible with general-

purpose operating systems [4]. Software certification under IEC 61508 and ISO 10218 

standards adds substantial development cost. Cybersecurity vulnerabilities in networked 

robots represent an emerging threat vector [5]. This paper addresses these themes through a 
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structured review of the robotics software stack, supported by market statistics, performance 

benchmarks, and cross-industry adoption data. 

The remainder of this paper is organized as follows: Section 2 presents global market 

data; Section 3 details the software architecture stack; Section 4 analyzes middleware 

frameworks; Section 5 covers AI and ML integration; Section 6 discusses industry adoption; 

Section 7 examines safety and certification; Section 8 describes human-robot interfaces; 

Section 9 presents performance benchmarks; Section 10 discusses future directions; and 

Section 11 concludes. 

2. Global Robotics Software Market Overview 

The robotics software market has demonstrated consistent double-digit compound 

annual growth. Table 1 presents key market metrics from 2018 to 2024, derived from IFR 

World Robotics Reports [1], MarketsandMarkets analysis [6], and IDC forecasts [7]. 

Table 1: Global Robotics Software Market Statistics (2018–2024). *2024 estimated. Sources: 

[1][6][7] 

Year Market Size 

(USD Bn) 

YoY Growth 

(%) 

SW Share 

(%) 

AI/ML 

Component 

(%) 

Industrial 

Robots (K 

units) 

2018 45.2 12.4 28.3 8.1 422 

2019 50.3 11.3 30.1 10.4 373 

2020 52.8 5.0 33.7 13.2 384 

2021 62.1 17.6 36.4 16.8 517 

2022 73.5 18.4 39.2 20.5 553 

2023 86.4 17.6 42.1 25.3 590 

2024* 99.8 15.5 44.8 30.1 620 

 

Several trends are immediately apparent from Table 1. First, software's share of total 

robotic system cost has grown from 28.3% to an estimated 44.8%, reflecting the increasing 

value attributed to intelligent capabilities. Second, AI/ML components within the software 

expenditure have grown nearly fourfold—from 8.1% to 30.1%—consistent with the broader 

industrial AI adoption wave documented by McKinsey Global Institute [8]. Third, despite the 

pandemic-induced contraction of 2019–2020, the market demonstrated strong recovery, with 

2021 posting a 17.6% year-on-year increase. 

According to Grand View Research, the global robotics software market was valued at USD 

7.2 billion in 2023 and is projected to reach USD 28.4 billion by 2030, representing a CAGR of 

21.7% [9]. North America holds the largest market share at 38.2%, followed by Asia-Pacific at 

34.1% and Europe at 21.8%. Within sectors, logistics and warehousing represent the fastest-

growing application area, driven by e-commerce fulfillment demands and the rapid deployment 

of autonomous mobile robots (AMRs) by companies such as Amazon, Ocado, and JD.com [10]. 

3. Robotic Software Architecture: A Layered Model 

3.1 Overview of the Software Stack 

A robotic system's software can be conceptualized as a hierarchical stack in which lower 

layers provide real-time, deterministic execution guarantees, while upper layers handle 

complex reasoning under uncertainty. Figure 1 presents the canonical seven-layer architecture 
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adopted by major platforms including Boston Dynamics Spot, ABB YuMi, and NASA's Robonaut 

2 [11][12]. 

 

  ┌─────────────────────────────────────────────────────────┐ 

  │          HIGH-LEVEL PLANNING & MISSION MANAGEMENT       │ 

  │        (Task Scheduling, Fleet Coordination, Cloud)     │ 

  └──────────────────────────┬──────────────────────────────┘ 

                             │ 

  ┌──────────────────────────▼──────────────────────────────┐ 

  │       AI / PERCEPTION ENGINE                           │ 

  │   (Computer Vision · SLAM · Deep Learning · NLP)       │ 

  └──────────────────────────┬──────────────────────────────┘ 

                             │ 

  ┌──────────────────────────▼──────────────────────────────┐ 

  │       MIDDLEWARE (ROS 2 / DDS / Pub-Sub)               │ 

  │   Sensor Fusion · Localization · Navigation Stack      │ 

  └─────────┬────────────────┬────────────────┬─────────────┘ 

            │                │                │ 

  ┌─────────▼──────┐  ┌──────▼──────┐  ┌─────▼───────────┐ 

  │ Motion Control │  │  Safety &   │  │  HMI / Remote   │ 

  │  (Kinematics,  │  │  Watchdog   │  │  Interface      │ 

  │   PID, MPC)    │  │  Monitor    │  │  (Web/AR/VR)    │ 

  └─────────┬──────┘  └──────┬──────┘  └─────────────────┘ 

            │                │ 

  ┌─────────▼────────────────▼──────────────────────────────┐ 

  │        HAL – HARDWARE ABSTRACTION LAYER                 │ 

  └──────────────────────────┬──────────────────────────────┘ 

                             │ 

  ┌──────────────────────────▼──────────────────────────────┐ 

  │               RTOS KERNEL (< 1ms latency)               │ 

  │  Servo Controllers │ Actuators │ Encoders │ IMU │ LiDAR │ 

  └─────────────────────────────────────────────────────────┘ 

Figure 1: Canonical Seven-Layer Robotic Software Architecture. Adapted from [11][12][15]. 

 

Each layer exposes a well-defined API to the layer above, enabling modularity and 

independent development. This separation of concerns is critical: a firmware update to servo 
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controllers should not require changes to the high-level task planner, and vice versa. Table 2 

quantifies the operational characteristics of each layer based on empirical measurements from 

a ROS 2-based mobile manipulation platform [13]. 

Table 2: Operational Characteristics of Robotic Software Layers. Data from [13][14]. 

Software Layer Latency 

(ms) 

CPU Usage 

(%) 

Primary Function Reliability 

(%) 

RTOS Kernel 0.1–1 5–15 Task scheduling, 

HW control 

99.999 

HAL (Hardware 

Abstraction) 

1–5 8–20 Device driver 

interface 

99.99 

Middleware (ROS 2) 5–20 15–35 Inter-process 

communication 

99.9 

Motion Planning 20–100 25–50 Path & trajectory 

generation 

99.5 

AI/Perception 

Engine 

30–200 40–80 Object detection, 

SLAM 

97.0 

High-Level Planning 100–500 20–45 Task & mission 

management 

95.0 

HMI / Cloud 

Interface 

200–2000 10–25 User interaction, 

telemetry 

99.0 

 

3.2 Real-Time Operating Systems (RTOS) 

The foundation of any safety-critical robotic system is the real-time operating system 

(RTOS). Unlike general-purpose operating systems such as Linux or Windows, an RTOS 

provides guaranteed task scheduling with deterministic worst-case execution times (WCET). 

Leading RTOS platforms include VxWorks (Wind River), QNX Neutrino, FreeRTOS (Amazon), 

and RT-Preempt patched Linux [4]. A study by the IEEE Robotics and Automation Society 

demonstrated that RT-Preempt Linux achieves latencies of 40–80 microseconds under typical 

robotic workloads, compared to 500–5,000 microseconds for standard Linux kernels [14]. For 

surgical robots operating under ISO 13849 safety requirements, VxWorks is preferred due to 

its DO-178C certification lineage [15]. 

3.3 Hardware Abstraction Layer (HAL) 

The hardware abstraction layer decouples robot software from specific hardware 

implementations, enabling portability across robot platforms. The OROCOS project's 

Kinematics and Dynamics Library (KDL), ros_control, and the upcoming ros2_control 

framework provide standardized HAL interfaces supporting over 200 hardware platforms [16]. 

By abstracting joint controllers, force-torque sensors, and camera drivers behind uniform 

interfaces, HAL reduces the software integration effort by an estimated 35–60% in cross-

platform deployments [17]. 

4. Middleware Frameworks 

Middleware provides the communication backbone between software components. It 

handles inter-process communication (IPC), service discovery, data serialization, and quality-

of-service (QoS) management. Table 3 compares the three most widely deployed open-source 

middleware frameworks: ROS (Robot Operating System), ROS 2, and YARP [3][18][19]. 
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Table 3: Comparison of Major Open-Source Robotic Middleware Frameworks. Sources: 

[3][18][19]. 

Feature ROS 1 ROS 2 YARP 

Real-Time Support Limited Yes (DDS) Partial 

Security (DDS-

Security) 

None Full Basic 

Multi-Robot Support Complex Native Yes 

OS Support Linux only Linux/Win/macOS Linux/Win 

Active Packages 

(2024) 

~5,800 ~4,100 ~320 

Community (GitHub 

stars) 

4,700 6,200 560 

Production Readiness Research Industry+Research Research 

 

ROS 2's transition to a Data Distribution Service (DDS) transport layer addresses critical 

shortcomings of its predecessor: real-time support, security, and multi-robot coordination now 

meet production requirements [18]. The adoption of DDS—specifically eProsima Fast DDS and 

Eclipse Cyclone DDS—enables configurable QoS policies including deadline monitoring, 

liveliness checking, and reliable/best-effort delivery modes essential for mixed-criticality 

robotic applications [20]. A 2023 survey of 412 professional robotics developers found that 

58% had migrated from ROS 1 to ROS 2, with a further 24% planning migration within 12 

months [3]. 

Beyond open-source solutions, proprietary middleware such as KUKA's KROSS, Fanuc's 

ROBOGUIDE, and Universal Robots' URScript offer tighter hardware integration but limit 

portability. The market is converging toward hybrid architectures in which ROS 2 handles non-

safety-critical functions while certified proprietary stacks manage safety-relevant motion 

control loops [21]. 

5. Artificial Intelligence and Machine Learning Integration 

5.1 Perception and Computer Vision 

AI-driven perception represents the fastest-growing software component in modern 

robots. Convolutional neural networks (CNNs) based on architectures such as YOLO v8, 

EfficientDet, and Meta's Segment Anything Model (SAM) enable real-time object detection, 

semantic segmentation, and 6-DoF pose estimation [22]. NVIDIA's Isaac SDK provides a GPU-

accelerated perception pipeline achieving 30–120 FPS on Jetson Orin hardware, enabling 

warehouse robots to detect and classify over 10,000 SKU types with 97.3% accuracy [23]. 

Simultaneous Localization and Mapping (SLAM) has similarly benefited from deep 

learning integration. Neural SLAM approaches combining traditional factor graph optimization 

with learned feature extractors demonstrate 34% lower drift rates compared to classical ORB-

SLAM3 on challenging agricultural environments [24]. The integration of 4D LiDAR with RGB-

D cameras, fused through sensor fusion algorithms such as Extended Kalman Filters (EKF) and 

Unscented Kalman Filters (UKF), now achieves mapping accuracies of ±2 cm in GPS-denied 

indoor environments [25]. 

5.2 Motion Planning and Reinforcement Learning 
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Classical motion planning algorithms (RRT*, PRM, CHOMP) increasingly coexist with 

reinforcement learning (RL) policies. DeepMind's work on robotic manipulation demonstrated 

that RL policies trained on simulation—using domain randomization—can transfer to physical 

hardware achieving 85% task success rates on novel object configurations with zero additional 

physical training [26]. Boston Dynamics' Spot robot employs a hierarchical control architecture 

in which a model predictive controller (MPC) runs at 1 kHz, governed by an RL-trained 

locomotion policy updated at 50 Hz [27]. 

 

Large language models (LLMs) are beginning to influence high-level robot task planning. 

Google DeepMind's SayCan framework demonstrated that an LLM combined with affordance 

functions could synthesize multi-step manipulation plans for a kitchen robot with 74% success 

on novel instruction sets [28]. While LLM inference latencies (typically 100–2000ms on cloud) 

preclude direct safety-critical control, their role in translating natural language instructions to 

structured task graphs represents a significant capability advancement. 

6. Industry-Specific Software Adoption 

The economic impact of robotics software varies significantly by industry sector. Table 4 

presents adoption statistics, cost structures, and measured outcomes across seven major 

sectors based on IFR, ABI Research, and sector-specific case studies [1][6][29]. 

Table 4: Industry-Specific Robotics Software Adoption and Performance Metrics. Sources: 

[1][6][29][30]. 

Industry Sector Robots 

(K) 

SW Cost 

(%) 

AI 

Adoption 

(%) 

Avg ROI 

(%) 

Safety 

Incidents 

↓ (%) 

Automotive 205 38 67 320 72 

Electronics 167 44 71 290 68 

Logistics & 

Warehousing 

134 51 78 410 61 

Healthcare & 

Surgery 

12 65 55 180 83 

Agriculture 48 42 48 260 45 

Food & Beverage 41 35 42 230 54 

Defense & Space 9 72 62 N/A 78 

 

The logistics and warehousing sector demonstrates the highest software cost share (51%) 

and return on investment (410%), driven by complex multi-robot coordination requirements. 

Amazon's robotic fulfillment centers, deploying over 750,000 Kiva/Amazon Robotics units as 

of 2024, require sophisticated fleet management software handling dynamic task allocation, 

traffic management, and charging optimization across thousands of concurrent agents [10]. 

Healthcare applications show the highest safety outcome improvements (83% incident 

reduction) reflecting the high investment in safety-certified software under FDA 21 CFR Part 

11 and IEC 62443 requirements [30]. 

The automotive sector, historically the largest robotics adopter with 205,000 active units, 

is undergoing a software transformation driven by the Industry 4.0 paradigm. BMW's iFactory 

concept integrates robotic fleet software with digital twin platforms (Siemens Tecnomatix, 
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NVIDIA Omniverse), enabling virtual commissioning that reduces physical installation time by 

up to 30% [31]. Ford's Valencia plant reported a 15% throughput improvement after deploying 

AI-based anomaly detection software on 1,200 welding robots [32]. 

 

Figure 1: Software Cost Share in Total Robot System Cost (2018–2024) 

  100% | 

       | 

   75% | 

       | 

   50% |                                                   ███ 

       |                                           ███   ███ 

   25% |   ███   ███   ███   ███   ███   ███   ███   ███   ███ 

       | 

    0% +----+-----+-----+-----+-----+-----+-----+ 

         2018  2019  2020  2021  2022  2023  2024* 

SW share: 28%  30%  34%  36%  39%  42%  45%  (estimated) 

 

7. Safety, Reliability, and Certification 

Safety represents the most stringent software requirement in robotics. International 

standards mandate rigorous development processes and runtime monitoring. Key frameworks 

include IEC 61508 (functional safety of E/E/PE systems), ISO 10218-1/2 (industrial robot 

safety), ISO/TS 15066 (collaborative robot safety), and ISO 13849 (safety of machinery) [33]. 

These standards define Safety Integrity Levels (SIL) ranging from SIL 1 (10⁻⁵ probability of 

dangerous failure per hour) to SIL 4 (10⁻⁹), with collaborative robots typically targeting SIL 2 

or SIL 3 [34]. 

Software-enforced safety mechanisms include speed and separation monitoring (SSM), 

power and force limiting (PFL), hand-guiding control, and safety-rated monitored stop (SRMS). 

Universal Robots' e-Series implements these via a dual-channel safety system running on a 

certified FPGA controller at 8 kHz, with software implementing 17 configurable safety functions 

certified under PLd/Cat.3 (ISO 13849) [35]. A recent meta-analysis of 847 industrial robot 

incidents (2018–2023) found that 61% were attributable to software or programming errors 

rather than hardware failures, underscoring the criticality of software quality assurance [36]. 

Cybersecurity has emerged as a critical safety dimension. A 2023 penetration testing 

study of 100 industrial robot controllers found exploitable vulnerabilities in 73% of ROS 1 

deployments and 31% of ROS 2 deployments [5]. The NIST Cybersecurity Framework and IEC 

62443 provide guidance, but adoption remains inconsistent. Secure boot, encrypted 

communication (DDS-Security), and hardware security modules (HSM) are now standard in 

enterprise deployments but lag in SME environments. 

8. Human-Robot Interaction Software 
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The software enabling intuitive, safe, and efficient human-robot interaction (HRI) spans 

multiple modalities: visual interfaces, voice control, gesture recognition, force feedback, and 

augmented reality (AR) overlays. A 2022 usability study involving 189 factory workers found 

that AR-assisted robot programming interfaces reduced task completion time by 47% and error 

rates by 62% compared to traditional teach pendant interfaces [37]. 

Natural language programming interfaces, piloted by companies including Wandelbots 

(NVIDIA-backed) and Micropsi Industries, allow non-expert operators to program robots 

through conversational instruction [38]. Field evaluations in automotive assembly report 5x 

faster programming cycles compared to expert teach-and-play methods, though task 

generalization beyond demonstrated examples remains limited. Tactile and force-based HRI, 

enabled by admittance control algorithms and 6-axis force-torque sensors, supports physical 

guidance paradigms where operators demonstrate tasks kinesthetically with success rates 

exceeding 90% on structured assembly operations [39]. 

9. Performance Benchmarks and Computational Requirements 

Quantifying software performance across the robotic stack requires standardized 

benchmarks. The RobotPerf project, launched in 2022 under the Linux Foundation, provides 

open hardware-software benchmarks covering compute, network, and manipulation metrics 

across six hardware platforms [40]. Key findings include: (1) end-to-end object detection 

latency ranges from 8 ms on NVIDIA Orin AGX to 312 ms on Raspberry Pi 4; (2) ROS 2 inter-

node communication latency averages 0.5 ms on loopback for messages under 1 MB; (3) SLAM 

CPU utilization on a 4-core ARM Cortex-A72 averages 67% during active mapping [40]. 

Edge computing has emerged as the preferred deployment paradigm for latency-sensitive 

robotic AI. NVIDIA's Jetson Orin NX (16 GB) delivers 100 TOPS (Tera Operations Per Second) 

AI performance at 10–25W power consumption, enabling on-device inference for perception, 

SLAM, and manipulation networks [41]. Comparative benchmarks by the Robotics & 

Automation Magazine show Orin NX achieving 3.2x the throughput of its predecessor (Jetson 

AGX Xavier) at 40% lower power consumption, enabling all-day autonomous operation on 

battery-powered platforms [42]. Cloud offloading via 5G—with demonstrated latencies of 8–

15 ms in controlled environments—provides a supplementary compute tier for non-time-

critical reasoning tasks [43]. 

10. Future Directions 

Several emerging paradigms will shape the next generation of robotic software. First, 

neuromorphic computing—exemplified by Intel's Loihi 2 chip and IBM's NorthPole 

architecture—promises energy efficiency gains of 1,000x for spike-based sensorimotor 

processing compared to von Neumann architectures, with preliminary robotics 

demonstrations achieving 14x lower latency on event-driven visual processing [44]. Second, 

federated learning enables collaborative model improvement across robot fleets without 

centralizing sensitive data, addressing both privacy and bandwidth constraints in multi-site 

deployments [45]. 

Third, foundation models trained on internet-scale data are increasingly fine-tuned for 

robotic manipulation. Google's RT-2 model, a vision-language-action model with 55 billion 

parameters, demonstrated emergent robot capabilities—including novel tool use and semantic 

reasoning—absent from the training data distribution [46]. The computational demands of 

such models (requiring dedicated GPU clusters for inference) will necessitate rethinking the 
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cloud-edge distribution of robotic AI workloads. Fourth, formal verification methods—

including model checking (SPIN, NuSMV) and theorem proving (Coq, Isabelle)—are being 

adapted for robotic software to provide mathematical proofs of safety properties, a 

requirement increasingly demanded by aviation, medical, and autonomous vehicle regulators 

[47]. 

Finally, quantum computing presents a long-horizon opportunity for robotic path 

planning and optimization. Hybrid quantum-classical algorithms (QAOA, VQE) have 

demonstrated polynomial speedups for multi-robot task assignment problems in simulation 

[48], though practical quantum advantage for robotics remains 5–10 years distant given 

current qubit fidelity limitations. 

11. Conclusions 

This paper has systematically examined the role of software across the robotic systems 

control stack, from real-time kernels to AI-driven high-level planning. The evidence is 

unambiguous: software is the primary driver of value creation in modern robotics, constituting 

nearly half of total system cost and growing at twice the rate of hardware. The quantitative data 

presented—including market statistics (Table 1), layer performance metrics (Table 2), 

middleware comparisons (Table 3), and industry adoption figures (Table 4)—provide a 

comprehensive empirical foundation for practitioners navigating system design decisions. 

Three principal conclusions emerge. First, the ROS 2 / DDS middleware ecosystem has 

matured sufficiently for production industrial deployments, though safety certification of ROS 

2 components remains an active research and standardization challenge. Second, AI 

integration—particularly deep learning perception and reinforcement learning control—has 

moved from research prototype to production deployment in logistics and electronics, 

delivering measurable ROI improvements of 230–410%. Third, safety and cybersecurity must 

be treated as first-class software requirements from project inception: 61% of documented 

robot incidents trace to software rather than hardware, and cybersecurity vulnerabilities affect 

nearly three-quarters of legacy deployments. 

Future work should focus on standardized software benchmarking protocols, safety-

certified AI components meeting IEC 61508 SIL 2/3 requirements, and energy-efficient edge AI 

architectures enabling autonomous operation beyond current battery constraints. As robotics 

software continues its trajectory toward greater autonomy, the field requires interdisciplinary 

collaboration spanning computer science, control engineering, human factors, and ethics—a 

synthesis reflected in the best contemporary robotic systems. 
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