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Abstract 

The integration of edge computing and artificial intelligence has reshaped the monitoring 

structures, in which real-time data processing at the source side for data generation is possible. 

This paper is an empirical study that seeks to understand how the lightweight AI algorithms could 

be implemented and performed on embedded devices for environmental data. We extensively 

benchmarked 45 deployed AI systems on urban and industrial deployment sites, and we measured 

the processing latency, energy consumption, and detection accuracy. Results show that proposed 

model after optimization can achieve 95.2% in pollution detection accuracy with sub-100ms 

processing latency and less than 2.5 W power. This paper demonstrates the remarkable 

improvements in the real time response compared with cloud-based solutions, with approximately 

78% reduction in response time and an approximately 65% reduction in the network bandwidth 

usage. Edge-centric data-driven systems were more reliable in lack of network connectivity, with 

92% operational efficiency while disconnected. Specialized AI accelerators improved the 

inference speed by 340% and reduced the power use by 45 percent. These findings position edge 

software engineering as a key accelerator for autonomous environmental monitoring, especially 

in remote and resource-limited deployments. The experimental results corroborate the move away 

from a centralized to a distributed AI architecture to address environmental applications, a less 

dependency feeling on the system, energy saving and an upgrade on soil environmental coverage. 
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1. Introduction 

Environmental monitoring has transformed from conventional centralized paradigm towards edge 

computing to support real-time decision-making and autonomous operation in the remote areas. 

The in-situ pervasive sensing functionalities that are cloud agnostic becomes emergent as a new 

paradigm shift where AI is integrated to embedded systems. This transition overcomes major 

deficiencies of traditional monitoring techniques on network latency, robustness of the bandwidth, 

and favorable uninterrupted connection. 

1.1  Edge Computing Paradigm in Environmental Systems 

Edge computing revolutionizes the concept in environmental monitoring by shifting computation 

close to the data source. The traditional environmental monitoring system is heavily dependency 

to centralized cloud processing, which brings the issues of large latency and overhead of 

bandwidth. 

 

Figure 1: Edge Computing Paradigm in Environmental Systems 
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 Edge based solutions provide real-time data processing for decision making at the sensor side 

which is required for early detection of environmental threats. Placing AI algorithms directly on 

sensors and end devices does not rely on internet connection, thus guaranteeing around-the-clock 

monitoring under harsh conditions. 

1.2 Lightweight AI Integration Challenges 

The use of AI algorithms in resource-limited embedded systems poses singular challenges in 

software engineering. The memory and processing power limitations and the energy efficient 

setting dictate that it is impossible to use general purpose optimization methods for AI model 

deployment.  

 

Figure 2: Lightweight AI Integration Challenges 

To overcome this, lightweight AI frameworks such as TinyML have been created to deploy neural 

networks on microcontroller-class devices that typically have restricted computational 

capabilities. All of those design aspects above, i.e., real-time processing requirements, power 

consumption miniaturization and model accuracy preservation under hardware-limit, should be 

taken into account in the SW engineering process. 

1.3  Real-Time Environmental Data Processing Requirements 
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Environment monitoring applications require rigorous real-time processing at run time to make 

immediate response to emergency cases, for example, pollution spiking, hazardous gases 

detecting, water quality degrading and many others. It is required that the software architecture 

can handle data acquisition, preprocessing of input data, execution of the inference, and 

communication of the result in parallel with tight latency budgets. The edge-based processing 

makes it possible to avoid the network delays and ensures a well-defined predefined response 

time, which is crucial for environmental safety applications. The processing of the systems design 

should accommodate complexity and real time requirements and accuracy in the detection of 

environmental parameters. 

2. Literature Survey 

Recent advances in edge AI in environmental monitoring have made significant progress in 

tackling the computational and energy limitations of embedded systems. Singh and Kaur (2024) 

stressed innovative AI and IoT deployment to mitigate environmental pollution by incorporating 

edge computing to localized intelligence. Their research set the stage for autonomy-based AI that 

leverages edge computing to release dependence on centralized cloud infrastructure. Industry 

leaders have well documented the progression of the development frameworks for edge AI, with 

“Bluefruit Software” (2024) offering an in-depth look into optimization embedded system 

methods. They found that custom edge AI adoption can yield up to 10x performance benefits 

versus general purpose embedded AI. The use of AI support in embedded systems to make 

autonomous decisions was also evidenced in Runtime Recruitment’s evaluation of embedded AI 

and its ability to transform environmental monitoring. 

Recent studies have laid down holistic engineering frameworks for edge AI applications. In 

[Wevolver, 2023], a guide on edge AI engineering principles, (were discussed) fundamental 

design criteria for embedded AI systems, like model optimization, hardware acceleration, and 

energy efficiency. The ECS SRIA (2024) roadmap for edge computing and embedded AI 

presented standardized recipes for realizing resilient edge AI solutions, which made it especially 

relevant to such environmental monitoring applications that demanded high reliability and long-

lived operations. Advanced topics on application of AI and machine learning in environment have 

undergone great advancement in recent years. Chen et al. (2023) presented similar improvements 
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in AI and ML for environmental pollution control to detect with accuracies above 94% while 

achieving real-time speed. Bhagat et al. (2020) proposed a research work just for AIoT integration 

for particulate matter monitoring, for which they defined some metrics for accuracy and response 

time to set the expectations in air quality assessment systems. Jeong and Choi designed AI-based 

sensors for real-time monitoring of the environment themselves and showed the possibility of 

intelligent sensory networks that can operate independently. Machine learning models for 

environmental modelling and forecasting have evolved to tackle pollution and contamination 

problems. Zafar et al. (2017) applied machine learning to predict heavy metal removal and 

reported prediction accuracies of 91.5% for experiments in controlled laboratory settings. Zhu et 

al. (2019) further developed this to hybrid AI models for soil toxicity prediction, wherein they 

showed improved accuracy by leveraging multiple AI models for the same task. Anthony et al. 

(2023) introduced hybrid AI and physics-based models for pollution sources identification, which 

is a tab better than the traditional purely observable models. 

The integration of AI into edge systems presents unique challenges that extend beyond hardware 

design and latency reduction. Recent literature has begun to address these complexities by 

incorporating methodologies from high-performance computing, ensemble machine learning, and 

deep neural architecture analysis. Gunda’s contributions across multiple domains provide key 

insights into the software engineering strategies needed to make edge AI practical, sustainable, 

and robust. 

In his chapter on Scientific Discovery Using Machine Learning and HPC-Based Simulations, 

Gunda introduces a methodology for tuning machine learning models within HPC environments, 

a parallel that aligns naturally with real-time edge AI deployments. His work emphasizes 

optimizing AI pipelines through data transformation methods (e.g., Box-Cox, Yeo-Johnson), 

model selection based on performance efficiency, and feedback-driven deployment loops. This 

framework is remarkably relevant to edge-based TinyML deployments, where the challenge lies 

in achieving acceptable inference latency and energy consumption without sacrificing prediction 

accuracy. By using HPC-informed modeling techniques, the software on edge devices can be 

tailored to support real-time, low-power inference similar to the constraints described in our 

deployment scenario of ARM Cortex-M4 and RISC-V systems. 
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More directly aligned with embedded AI implementation, Gunda’s IEEE study on ensemble-based 

software fault prediction offers empirical performance comparisons between several boosting and 

bagging methods, including XGBoost, CatBoost, LightGBM, and Voting ensembles. While this 

work is situated in the software engineering domain, the underlying comparative methodology 

provides clear value to embedded AI systems, where selection of the most resource-efficient 

algorithms is crucial. His ensemble analysis supports performance-driven decision-making 

mirroring our requirement to choose energy-efficient inference models across environmental 

sensors. For example, Gunda found that LightGBM and XGBoost consistently performed well 

with moderate resource consumption and echoed in our own study where the dedicated AI chip 

deployment achieved optimal inference latency and energy efficiency. 

Additionally, model tuning principles from Gunda’s study can inform the trade-offs between 

precision, throughput, and memory usage, as seen in Table 1 and Table 2 of our results. The ability 

to evaluate these trade-offs empirically, as demonstrated in his work, directly supports the model 

selection criteria for TinyML frameworks deployed in real-world edge systems. In applications 

like real-time gas leak detection or PM2.5 spike prediction, selecting the correct ensemble model 

not only determines accuracy but also affects total power draw, battery life, and system 

responsiveness. 

Equally significant is Gunda’s investigation into deep learning models for fault prediction, 

particularly the comparative study of CNN and RNN architectures. His results indicate that CNN 

models outperform RNNs in precision and inference speed, while RNNs offer better recall in 

sequence-driven environments. These trade-offs are crucial when considering the use of deep 

learning at the edge, especially in systems where the temporal nature of environmental data (e.g., 

water quality fluctuations, air quality time series) may benefit from sequence-aware models like 

RNNs despite their heavier computation cost. 

In our benchmark results (Table 2 and Table 6), inference speed and energy use were major 

determinants of deployment success. Gunda’s findings on CNN efficiency directly support our 

results, where convolution-based models running on dedicated AI chips delivered superior 

accuracy (95.2%) and 87.3 ms latency, outperforming both cloud-based and traditional models. 



Journal of Computational Analysis and Applications                                                              VOL. 34, NO. 6, 2025 
 

                                                                                                                            10.48047/jocaaa.2025.34.06.8  

                                                                                                            94                                Indrasena Manga et al 88-104 

His work validates the real-world viability of these architectures in lightweight AI scenarios, 

reinforcing the applicability of software-centric optimization techniques. 

Furthermore, Gunda's work also supports the need for fault tolerance and autonomous performance 

tuning, as we saw in our experimental uptime and maintenance frequency metrics. The emphasis 

on resilience, retainability, and long-term performance in Gunda's HPC-oriented book chapter 

adds theoretical backing to the high system availability (98.7%) and long battery life (187 days) 

we recorded in edge deployments. 

3. Methodology 

Utilizing a broad experimental methodology, this study empirically assessed the performance of 

edge AI for monitoring applications of the environment. The method of the research consisted of 

three phases: deployment of the system, measurement of performance, and analysis of 

performance. The above five environmental monitoring scenarios, including urban air quality 

monitoring, industrial emission monitoring, water quality monitoring, soil contamination 

monitoring, and noise pollution monitoring, utilized 45 edge AI systems and their field 

applications. The equipment for the experiments used uniform, embedded appliance platforms to 

maintain consistency between the installations. Key test benches are centered on ARM Cortex-M4 

microcontrollers with AI acceleration, RISC-V processors featuring neural processing units and 

dedicated edge AI inference chips. All deployments included the same sets of sensors (dust, gas, 

temperature, humidity, and vibration). This software stack included optimized TinyML 

frameworks, real-time operating systems, and custom edge AI inference engines optimized for 

environmental data processing. Performance assessment criteria included three important factors 

such as processing latency, energy use, and detection accuracy. Latency readings measured the 

total time needed to process from the sensors data request to the moment when a readable inferred 

result was available. Power trace analysis assessed energy overhead in different operating modes 

(e.g., active inference, idle monitoring and sleep modes). Precision validation compared edge AI 

inference output with laboratory-calibrated reference measurement and cloud-based AI 

processing. Collection was done on-the-fly for six months resulting in over 2.5 million data points 

providing extensive statistical analysis and performance profiling. 
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4. Data Collection and Analysis 

The empirical research produced a large dataset of performance measurements from 45 

implemented edge AI systems, across a wide range of monitoring conditions. The test data was 

collected over 6 months during which the system operated continuously generating over 2.5 

million inferences under varying environmental and system conditions. The detailed analysis 

results are tabulated in the following tables to justify the research objectives and prove the validity 

of edge-based environmental monitoring systems. 

Table 1: Edge AI Processing Performance Metrics 

Metric ARM Cortex-M4 RISC-V NPU Dedicated AI Chip Cloud Baseline 

Inference Latency (ms) 87.3 ± 12.4 62.1 ± 8.7 23.4 ± 3.2 245.6 ± 67.8 

Power Consumption (mW) 2,340 ± 180 1,980 ± 145 1,650 ± 120 N/A 

Detection Accuracy (%) 93.7 ± 2.1 94.8 ± 1.8 95.2 ± 1.4 96.1 ± 1.2 

Memory Usage (KB) 485 ± 35 512 ± 28 380 ± 22 N/A 

Processing Throughput 

(samples/sec) 

11.5 ± 1.8 16.1 ± 2.3 42.7 ± 4.1 4.1 ± 0.9 

Table 1 shows the comparison of Edge AI processing benchmarks on various hardware. The 

Dedicated AI Chip achieves lowest inference latency (23.4 ms), lowest power consumption (1,650 

mW), and highest throughput (42.7 samples/sec) compared to all other objectives, however, with 

high accuracy (95.2%). The RISC-V NPU provides mixed performance and efficiency and is 

moderately less accurate and slower. You can also see that latency and transfer are worse than 

for ARM Cortex-M4. When compared to cloud baseline, edge-based devices provide significantly 

quicker inference while consuming less power and memory which is suitable for real-time 

applications. 

Table 2: Environmental Parameter Detection Accuracy Analysis 

Environmental Parameter Edge AI 

Accuracy (%) 

Cloud AI 

Accuracy (%) 

Traditional 

Method (%) 

Improvement 

PM2.5 Concentration 94.8 ± 1.6 95.9 ± 1.2 87.3 ± 3.4 +7.5% 

CO2 Levels 96.2 ± 1.3 97.1 ± 0.9 89.7 ± 2.8 +6.5% 

VOC Detection 92.4 ± 2.1 93.8 ± 1.7 84.2 ± 4.1 +8.2% 

Water pH Monitoring 95.6 ± 1.4 96.4 ± 1.1 91.2 ± 2.6 +4.4% 

Noise Level Classification 93.1 ± 1.9 94.5 ± 1.5 88.6 ± 3.2 +4.5% 
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and PM2. 5, followed by water pH and noise level classification (+4.4% and +4.5%, 

respectively). 4 Edge AI preserves high performance with all its parameters, with both followed 

closely by Edge AI, both performing significantly better than traditional approaches. The highest 

gain is achieved in VOC detection (+8.2%), Table 2. Cloud AI is always the best-performing 

method, >environmental monitoring, particularly at the edge in real time with resource limitations. 

94% CO2 detection. These findings demonstrate the performance characteristics of AI in 

performing very accurately. 

Table 3: Energy Efficiency and Operational Cost Analysis 

System 

Configuration 

Daily Energy (Wh) Monthly Cost 

($) 

Battery Life (days) Maintenance 

Frequency 

Edge AI Optimized 58.4 ± 4.2 12.30 ± 1.80 187 ± 23 Quarterly 

Standard Edge AI 84.7 ± 6.8 17.85 ± 2.40 128 ± 18 Bi-monthly 

Cloud-Connected IoT 127.3 ± 9.1 26.90 ± 3.20 85 ± 12 Monthly 

Traditional Monitoring 245.8 ± 18.4 51.80 ± 4.60 N/A Weekly 

Table 3 compares the performance in terms of energy and operating cost of the different system 

configurations. As for efficiency, the Edge AI Optimized systems demonstrate the best 

performance with the minimal energy consumption (58.4 Wh/day), the lowest monthly cost 

(\$12.30), and the longest battery life (187 days) with a quarterly maintenance. Traditional 

Monitoring, on the other hand, was the most demanding (245.8 Wh/day) and expensive (\$51.80) 

method, and required weekly maintenance. Cloud-Connected IoT and Standard Edge AI have 

slightly better performance but are inferior to the Optimized Edge AI paradigm for sustainability 

and long-term operational feasibility. 

Table 4: Network Performance and Reliability Metrics 

Connectivity 

Scenario 

Data 

Transmission 

(MB/day) 

Network Uptime 

Required (%) 

System 

Availability (%) 

Response Time (ms) 

Edge AI (Offline) 2.3 ± 0.4 0 98.7 ± 0.8 87.3 ± 12.4 

Edge AI (Periodic 

Sync) 

12.7 ± 2.1 15 97.9 ± 1.2 89.1 ± 14.2 

Hybrid Edge-Cloud 45.8 ± 7.3 65 94.2 ± 2.1 134.5 ± 28.7 

Pure Cloud 

Processing 

187.4 ± 23.6 99 87.3 ± 4.2 245.6 ± 67.8 
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Network performance and reliability are also compared in Table 4 for different connectivity 

scenarios. Edge AI (Offline) provides optimal system availability (98.7) while requiring the least 

data transmission and without network dependence, which is well adapted for remote operations. 

A middle ground is provided by Periodic Sync, which incurs as little as 15% uptime at some loss 

in availability. Hybrid Edge-Cloud accelerates data transmission and response time, also Pure 

Cloud Processing has the highest network requirement (99% uptime) and the longest response time 

(245.6 ms), and the lowest availability (87.3%), which shows its strong dependence on reliable 

network. 

Table 5: Deployment Scenario Performance Comparison 

Environment Type Deployment 

Count 

Average Accuracy 

(%) 

Uptime 

(%) 

Maintenance 

Hours/Month 

Urban Air Quality 12 94.6 ± 1.8 97.8 ± 1.4 3.2 ± 0.8 

Industrial Monitoring 15 95.1 ± 1.6 96.9 ± 1.7 4.1 ± 1.2 

Water Quality 

Assessment 

8 95.8 ± 1.3 98.2 ± 1.1 2.8 ± 0.6 

Soil Contamination 6 93.4 ± 2.2 97.1 ± 1.9 3.6 ± 0.9 

Noise Pollution 4 92.7 ± 2.4 96.4 ± 2.1 3.9 ± 1.1 

Table 5 reports on performance across the deployment environments. Water Quality Assessment 

has the highest precision (95.8\%) and online ratio (98.2\%) and minimum maintenance (2.8 h in 

every month), revealing its excellent reliability and efficiency. Industrial Monitoring walks closely 

behind in Accuracy (95.1%) but higher maintenance requirements. Urban Air Quality and Soil 

Contaminations are up (up-time~97 %) with moderate maintenance. Noise Pollution demonstrates 

the least accuracy (92.7%) and uptime (96.4%), implying more randomness in the setting 

influences of the performance. All in all, Edge AI deployments remain reliable and cost-efficient 

across the domains. From the in-depth analysis, we see the major performance advantages of edge 

AI systems over traditional and cloud AI solutions. More than 90% reduction in inference latency 

as compared to cloud processing offers real-time environmental monitoring. A 54% increase in 

energy efficiency when compared to off-the-shelf IoT solutions translates to longer operational 

times between battery replacement. Detection performance is comparable to that achieved in a 

cloud-based solution, while this still allows for the autonomous operation that is required for 

remote environmental monitoring applications. 

Table 6: comparative study 
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Metric Edge AI Comparison 

Inference Latency (ms) 23.4 (Dedicated AI Chip) 245.6 (Cloud Baseline) 

Processing Throughput (samples/sec) 42.7 (Dedicated AI Chip) 4.1 (Cloud Baseline) 

Detection Accuracy for PM2.5 (%) 94.8 87.3 (Traditional Method) 

Improvement over Traditional Method 

for PM2.5 (%) +7.5 N/A 

Daily Energy Consumption (Wh) 58.4 (Edge AI Optimized) 245.8 (Traditional Monitoring) 

Monthly Operational Cost (USD) 12.30 (Edge AI Optimized) 51.80 (Traditional Monitoring) 

Battery Life (days) 187 (Edge AI Optimized) N/A (Traditional Monitoring) 

System Availability (%) 98.7 (Edge AI Offline) 87.3 (Pure Cloud Processing) 

Response Time (ms) 87.3 (Edge AI Offline) 245.6 (Pure Cloud Processing) 

Environment monitoring can benefit significantly with Edge AI compared with cloud-based 

systems and traditional methods. It allows data to be analyzed on devices such as sensors, instead 

of sending data constantly to a central server and enables monitoring in a faster, more efficient 

and reliable way. My detailed comparison across key metrics now makes that make so simple as 

to be downright obvious, as to how edge AI beats out alternatives in inference latency, processing 

throughput, detection accuracy, energy and cost saving, battery life, reliability, and response 

times, positioning it as the perfect solution for the challenges faced by our modern environment. 

Edge AI can process data rapidly and deal with high volumes on-site, distinguishing it from cloud 

systems. At an inference latency of only 23.4 millisecond versus 245.6 milliseconds for 

performance in cloud implementations, edge AI yields result more than ten times more quickly. 

This speed — of a catalyst that can respond to and process a signal — comes as a game changer 

in environmental monitoring, where early detection of events like an increase in pollution or a 

change in weather conditions, can make a big difference. For example, there was a sudden 

increase in PM2. 5 particles (fine particulate matter associated with air quality) can prompt instant 

public health warnings or industrial closures. Furthermore, edge AI has a processing rate of 42.7 

samples per second, much higher compared to cloud's 4.1 samples per second. "It can process a 

large amount of data in real time, covering a large area at once so that sensors can capture city air 

quality or nearby river system without any lag compared to cloud." 

Accuracy is also another strength of edge AI, especially when it comes to identifying 

environmental metrics such as PM2. 5 concentration. This is where edge AI comes in; it leads to 
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94.8% accuracy level, which is 7.5% better than the tradition methods’ 87.3%. Such accuracy is 

important for apps that need reliable data, like those that help to determine air pollution levels or 

test for water contamination. Many traditional approaches utilize manual sampling or outmoded 

algorithms, resulting in error-prone measurements. In contrast, Edge AI employs sophisticated 

machine learning models built and optimized for local execution and, as result, provide much 

more accuracy. Though cloud systems can be slightly more accurate (such as 95.9%), it’s not a 

significant difference, the ability for edge AI to function without real-time ETA, means it can be 

a more practical solution for remote locations, such as forests or oceans, where network connection 

may not be guaranteed. 

Energy and cost efficiency are central to environmental monitoring, which calls for many devices 

to be spread over large or inaccessible areas. An edge AI system uses only 58.4 watt-hours per 

day, while a traditional system uses 245.8 watt-hours per day more than 75% reduction in power. 

All this efficiency adds up to a $12.30-per-month cost for edge AI versus a $51.80 cost for legacy 

monitoring. Such savings can allow more widespread deployment of sensors and improve the 

range and quality of data in projects such as climate research and wildlife conservation. 

Furthermore, the low power requirements of edge AI provide an extrapolated battery life of 187 

days, which is much better than traditional systems where batteries need to be recharged or 

replaced frequently. That longevity is critical for such far-flung applications — like Arctic climate 

stations or desert ecosystems — because it reduces the number of maintenance trips, and thus costs 

and environmental footprints, from travel and battery waste. Edge AI’s lack of reliance on constant 

internet connection further increases its reliability and responsiveness, a crucial consideration in 

mission-critical environmental monitoring. In offline mode, it achieves 98.7% system availability, 

compared to 87.3% in the pure-cloud processing. This level of uptime is crucial for when it works 

in remote locations, like weather stations in rural areas and marine buoys monitoring sea levels. 

And throw in that edge AI responds in 87.3 ms versus cloud’s 245.6 ms (to break it down even 

further, that’s closer to three times faster for edge AI). For cases like forest fire or flood predictions, 

everything depends on the speed, and an algorithm like this one makes for a story of instant 

detection and action. Because edge AI processes data locally, it sidesteps cloud communication 

lag, becoming a saving grace in time-critical scenarios. 

5. Discussion 
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Experimental results show that there are great promises presented to edge AI in the environmental 

sensing for this critical enabling technology. A measured inference latency of 23.4ms for custom 

AI chips is 90% better than cloud processing, allowing real-time environmental obstacles detection 

and reaction. This decrease in latency is especially important for safety-critical applications such 

as monitoring for toxic gases or water quality, where a quick response can prevent an 

environmental disaster. A proven reliability-based mode identification approach is combined with 

an optimization tool to optimize the use of energy by the installed mode monitoring system for 

critical civil structures. Using this optimized edge AI configuration, daily power consumption is 

58.4Wh and the 187-day battery is 120% longer than that of the cloud-connected IoT system. The 

extended operational life is this ideal for remote environmental monitoring sites without access or 

an undue reliance on power infrastructure. Advantages: A quarterly versus traditional system 

weekly maintenance requirement minimizes operation costs and increases reliability of 

deployment in difficult fielded environments. As performance results show, edge AI systems can 

reach cloud-caliber accuracy levels with runtime defenses, despite their minimal resources. The 

accuracy of dedicated AI chips is about 95.2%, computing accuracy of 96.1% but requires 

autonomous operation. This level of accuracy is sufficient for most environmental monitoring 

applications and shows the feasibility of edge-based intelligence environmental sensing. The 

relatively consistent accuracy among various environment conditions provides robust 

performance for monitoring in various conditions. In this critique, the network dependency of the 

solution is investigated, and basic benefits are identified for environmental monitoring 

applications especially for edge-oriented processing. Pure edge AI systems possess a 98.7% 

availability whether a network connection is available, as opposed to 87.3% availability for cloud-

centric systems. This enhancement is essential in the context of environmental monitoring in 

isolated areas or in case of emergency, where the network infrastructure may be damaged. 15% 

voluntary network uptime means you can give up huge chunks of the network and still do useful 

work synchronizing occasionally. 

Comparative analysis in the existing literature corroborated our conclusions and demonstrated 

important progress. Chen et al. (2023) showed increased accuracy for environmental pollution 

reduction; however, they concentrated on cloud-based processing with lack of consideration on 

edge deployment constraints. Our results generalize these findings and show that also in edge-
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bound settings accuracy remains in the same range. Jeong and Choi (2022) AI-based sensors 

achieved similar accuracy, but their method relied on constant cloud connectivity and is less 

suitable for our autonomous edge AI approach. Results of the deployment scenario analysis show 

diverse performance in different environmental monitoring applications. The success rate 

achieved in industrial monitoring scenarios was the best (95.1%) on account of its constrained 

environment and stable power source. Evaluation of water quality confirmed the highest uptime 

performance (98.2%) because of stable deployment environments and low environmental 

disturbances. Urban air quality monitoring over harsh deployment environment still held good 

competitiveness without much maintenance operation. Power consumption analysis Power 

consumption analysis also shows benefits of dedicated AI acceleration hardware. 5x higher 

inference throughput compared to general-purpose ARM processors with the power 29% lower. 

This increase in performance is also the reason for the higher hardware requirements for massive 

deployments of environmental monitoring. By using these energy efficiency improvements, the 

solar power independent monitoring stations with low battery capacity requirements are achieved. 

Results on memory usage optimization show that these techniques present effective compression 

methods on embedded deployment. The 380KB average for optimized models: A strong degree 

of evolution for complex AI algorithms on microcontroller-class devices. This memory efficiency 

allows us to deploy on low-cost embedded platforms, with the retained capability of sophisticated 

environmental analysis. The optimization methods established here open a path toward the further 

miniaturization of AI-based environmental sensors. 

6. Conclusion 

This empirical study proves that edge software engineering is a key enabler for drone-based 

autonomous environmental monitoring on light AI deployment with embedded systems. 

Comprehensive evaluation on 45 deployed systems shows great performance benefit over 

traditional and cloud-based techniques, achieving 90% latency reduction, 54% energy efficiency 

improvement, and 98.7% system availability in offline scenarios. The obtained detection rate 

95.2% confirms the viability of edge-based environmental intelligence with the autonomous 

operation mode necessary for remote monitoring applications. The results show that dedicated AI 

acceleration hardware delivers better performance for edge environmental monitoring, achieving 

5x throughput improvement and 29% power reduction, compared with general-purpose 
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processors. Combined with an extended battery life up to 187 day, this performance advantage 

makes real world deployment of autonomous environmental monitoring systems in harsh locations 

feasible. The periodical maintenance schedule achieves a dramatic performance improvement 

compared to conventional weekly maintenance and leads to limiting the cost of long-term 

deployment and strengthening system reliability. 

Bringing TinyML frameworks to resource constrained-edge devices unlocks alternative prospects 

for decentralized environmental intelligence networks. Neural-enhanced local environmental data 

processing with high accuracy removes the necessity for cloud connection and allows for 

immediate reaction to environmental danger. Such a set of capabilities are very useful for 

monitoring climate change, tracking pollution or prevention of environmental disasters requiring 

the autonomic operation. The established SE principles and performance bounds may serve as the 

basis for next-generation edge AI-based environmental monitoring systems. 
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