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Abstract: The integration of artificial intelligence (AI) into instrumentation and measurement systems is reshaping industrial 

monitoring, control, and maintenance practices. This article provides a comprehensive overview of AI-empowered intelligent 

instrumentation, with a focus on three representative application paradigms: automatic meter reading, fault diagnosis for 

predictive maintenance, and sensor calibration with drift compensation. We review recent advances in deep learning -based object 

detection for analog and digital meters, highlighting frameworks such as improved YOLO and Fast R-CNN that achieve accuracy 

exceeding 98% while reducing measurement time by up to 85%. In the domain of prognostics and health management, we 

examine how convolutional neural networks with time-frequency transformations enable near-perfect fault classification in 

rotating machinery. Additionally, we discuss AI-driven calibration methods using neural networks and Gaussian process 

regression, which not only improve accuracy but also provide rigorous uncertainty quantification compatible with international 

measurement standards. Despite these successes, challenges remain regarding data scarcity, model interpretability, uncertainty 

quantification, and real-time edge deployment. We conclude by advocating hybrid approaches that combine data-driven AI with 

conventional model-driven techniques to achieve both high performance and trustworthiness. This review serves as a practical 

reference for researchers and engineers seeking to adopt AI solutions in instrumentation applications. 

Keywords: Artificial intelligence, intelligent instrumentation, automatic meter reading, fault diagnosis, sensor calibration, 

deep learning, uncertainty quantification. 

 

1. Introduction 

The rapid advancement of artificial intelligence (AI) has 

ushered in a transformative era for instrumentation and 

measurement systems. Traditional instruments, which have 

long served as the backbone of industrial monitoring and 

control, are increasingly being augmented—and in some 

cases, replaced—by intelligent systems capable of 

autonomous perception, reasoning, and decision-making. 

This paradigm shift is driven by the convergence of several 

key technological developments: the proliferation of low-cost, 

high-fidelity sensors; the exponential growth in 

computational power; and the maturation of deep learning 

algorithms that can extract meaningful patterns from complex, 

high-dimensional data. 

Accurate information perception is the foundation for the 

reliable operation of intelligent systems and equipment. 

While sensor hardware architecture establishes the lower 

bound of measurement performance, sole reliance on 

hardware optimization is insufficient for further performance 

enhancement and functional expansion. Sensor data 

processing technology has thus emerged as a crucial pathway 

to advance instrument development, overcoming 

performance and functional bottlenecks through algorithmic 

innovation rather than hardware upgrades alone. 

The integration of AI into instrumentation spans a broad 

spectrum of applications. At one end of the spectrum lies 

automatic meter reading—a task that addresses the 

inefficiency, error-proneness, and safety risks associated with 

traditional manual reading practices. At the other end lies 

predictive maintenance and fault diagnosis, where AI systems 

analyze sensor data to anticipate equipment failures before 

they occur, thereby reducing downtime and improving 

operational safety. Between these extremes lie numerous 

other applications, including intelligent sensor calibration, 

real-time process monitoring, and quality control in 

manufacturing. 

This article provides a comprehensive overview of AI 

applications in intelligent instrumentation, with a particular 

focus on three representative paradigms: deep learning-based 

automatic meter reading, AI-driven fault diagnosis for 

predictive maintenance, and AI-enhanced sensor calibration. 

Through a review of recent advances and case studies drawn 

from the literature, we aim to elucidate the current state of the 

art, identify key methodological approaches, and discuss the 

challenges that must be addressed to realize the full potential 

of AI-empowered instrumentation. 

2. Literature Review 

The intersection of artificial intelligence and 

instrumentation has attracted substantial research attention 

over the past decade. Lawrence et al. (2024) conducted a 

comprehensive survey of machine learning for industrial 

sensing and control, noting that the rise of deep learning has 

renewed interest within the process industries to utilize data 

on large-scale nonlinear sensing and control problems [1]. 

Their work identifies key statistical and machine learning 

techniques that have seen practical success in process 

industries, providing a foundational reference for researchers 

and practitioners alike. 

In the domain of sensor data processing, a recent review 

(2025) systematically summarized the characteristics of AI 

and model-driven methods, highlighting the complementary 

potential between data-driven AI and conventional models [2]. 

The review noted that while current AI-based sensor data 

processing research predominantly focuses on data-driven 

paradigms, this over-reliance often neglects the interpretative 
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insights available from conventional model-driven methods, 

leading to black-box processes and unnecessary 

computational resource waste. 

The automatic reading of meters and instruments has 

emerged as a particularly active subfield. Early approaches 

relied on traditional computer vision techniques, but deep 

learning has dramatically improved both accuracy and 

robustness. Wang et al. (2025) developed an OCR system for 

pressure instruments based on an improved Fast R‑CNN 

algorithm, achieving an average positioning accuracy of 84% 

for instrument dial positioning in challenging industrial 

environments [3]. Their system reduced the time required for 

a single measurement by 85% compared to manual reading, 

demonstrating the practical efficiency gains achievable 

through AI automation. 

In the realm of fault diagnosis, deep learning has 

demonstrated powerful capabilities. Wang et al. (2025) 

proposed a YOLO v8‑C‑OD fault diagnosis method for 

rotating machinery components, transforming original 

vibration signals into time-frequency images using 

continuous wavelet transform [4]. Their method achieved 

fault classification diagnosis accuracy of 100% and 99.75% 

on benchmark datasets, outperforming existing state-of-the-

art models. This work exemplifies how deep learning can 

overcome the limitations of conventional machine learning 

methods in detecting small-target fault features. 

More recently, the instrumentation and measurement 

community has begun to grapple with the critical issue of 

uncertainty quantification in AI-assisted measurements. A 

comprehensive review (2025) examined the fundamentals of 

uncertainty from both measurement science and AI 

perspectives, highlighting major differences between 

measurement standard recommendations and actual 

implementation of uncertainty in AI literature [5]. This 

emerging focus on uncertainty reflects the maturation of the 

field and the recognition that trustworthy AI-assisted 

measurements require rigorous uncertainty characterization. 

3. Methodological Framework 

The methodological landscape of AI-empowered 

instrumentation can be organized around three core 

paradigms: supervised learning for pattern recognition, 

unsupervised and semi-supervised learning for anomaly 

detection, and hybrid approaches that combine data-driven AI 

with conventional models. 

3.1. Supervised Learning for Pattern 

Recognition 

Supervised deep learning, particularly convolutional neural 

networks (CNNs) and their variants, forms the backbone of 

most AI-based instrument reading and recognition systems. 

The YOLO (You Only Look Once) family of object detection 

algorithms has proven especially popular due to its end-to-

end architecture that simultaneously completes target 

localization and classification. For instance, an improved 

YOLOv8n model for mechanical water meter reading 

achieved a mAP50 of 98.4% by incorporating an efficient 

multi-scale attention mechanism and a bidirectional feature 

pyramid network [6]. The model maintained strong 

robustness in the face of complex condition interference, 

including dirty dials, uneven lighting, and varied shooting 

angles. 

For pointer-type instruments, which lack digital displays, 

additional steps are typically required. These methods 

generally involve: (1) instrument detection and localization in 

the image; (2) pointer and scale mark segmentation; (3) 

reading computation based on geometric relationships. A 

dual-stream isomorphic model with a weakly supervised 

training paradigm was recently proposed for substation 

instruments, overcoming the challenge of difficult annotation 

while outperforming baseline models by 22.7% in mAP50:95 

[7]. 

3.2. Unsupervised and Semi-Supervised 

Learning 

While supervised learning requires large amounts of 

annotated data—which is often expensive and time-

consuming to obtain in industrial settings—unsupervised and 

semi-supervised approaches offer alternative pathways. 

Semi-supervised substation instrument detection algorithms 

based on improved YOLOv8 have been explored to reduce 

the dependency on labeled data. Similarly, deep clustering 

methods for rotating machinery fault diagnosis have been 

proposed to improve accuracy and efficiency through 

powerful feature extraction capabilities. 

3.3. Hybrid Approaches 

A growing body of research advocates for hybrid 

approaches that integrate AI with conventional models. This 

integration can occur at multiple levels: (1) using AI to 

enhance specific components of conventional measurement 

pipelines; (2) employing conventional models to provide 

interpretable constraints on AI outputs; or (3) developing 

ensemble methods that combine the strengths of both 

paradigms. The hybrid approach is particularly valuable in 

applications where measurement uncertainty must be 

rigorously quantified, as pure data-driven methods often 

struggle to provide the uncertainty estimates required by 

measurement standards. 

3.4. Edge Deployment Considerations 

An important practical consideration is the deployment of 

AI models on resource-constrained edge devices. Edge-

enabled meter reading frameworks using lightweight CNN 

models have demonstrated high predictive accuracy while 

supporting scalable deployment. For example, a lightweight 

YOLO variant deployed on a low-cost edge device achieved 

a mAP@50 over 95% with an inference time of just 1.32 

seconds, compared to 11.6 seconds for the full YOLO model 

[8]. Such edge deployments are essential for real-world 

applications where network connectivity may be limited or 

where real-time processing is required. 

4. Application Case Studies 

4.1. Automatic Meter Reading Recognition 

Automatic meter reading (AMR) represents one of the most 

mature and widely deployed applications of AI in 

instrumentation. The conventional meter reading process is a 

tedious, time-consuming, and laborious task performed by 

meter readers who capture images of meters displaying 

consumed units, which are then manually processed into 

billing systems. AI-based AMR systems address these 

inefficiencies by automating the entire pipeline from image 

capture to reading extraction. 

A notable example is the edge-enabled electrical meter 

reading framework proposed in a 2026 study, which employs 
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a two-step strategy: first detecting and extracting the meter 

screen region from the full image, and then recognizing the 

digits displayed on the extracted screen [8]. The researchers 

developed a dataset of 20,000 electricity meter images 

annotated at both screen-level (20,000 annotations) and digit-

level (84,632 annotations across 20 digit classes). Both the 

standard YOLO and its lightweight variant achieved 

mAP@50 over 95%, demonstrating the feasibility of scalable, 

automated meter reading in real-world, resource-constrained 

environments. 

For mechanical water meters, which remain prevalent in 

many regions due to cost considerations and infrastructure lag, 

deep learning-based recognition faces additional challenges 

including dirty dials, uneven lighting, and varied shooting 

angles. An improved YOLOv8n model addressed these 

challenges through three key innovations: (1) augmenting the 

C2f module with an efficient multi-scale attention mechanism; 

(2) integrating bidirectional feature pyramid networks in the 

neck network; and (3) combining normalized Wasserstein 

distance loss with CIoU as a location regression loss function 

[6]. The results showed a mAP50 of 98.4%, with 

improvements of 4.6% in mAP50 and 1.7% in recall rate. 

For pressure instruments in industrial environments, an 

OCR system based on an improved Fast R‑CNN algorithm 

achieved an average positioning accuracy of 84% for 

instrument dial positioning and a mean Intersection over 

Union of 78.6% for character segmentation [3]. The system 

reduced single measurement time by 85% compared to 

manual reading. These results collectively demonstrate that 

deep learning-based AMR systems can achieve human-level 

or super-human accuracy while dramatically improving 

efficiency and reducing labor costs. 

4.2. Fault Diagnosis and Predictive 

Maintenance 

Beyond meter reading, AI has found powerful applications 

in fault diagnosis and predictive maintenance—areas where 

instrument data is used not merely for monitoring but for 

anticipating and preventing equipment failures. 

Prognostics and Health Management (PHM) has emerged 

as a critical application domain for AI in instrumentation. 

PHM enhances the ability to detect potential equipment 

anomalies, facilitates the diagnosis of complex faults, 

improves the accuracy of remaining useful life (RUL) 

predictions, and shifts regular maintenance toward predictive 

maintenance decisions. Recent advances have even explored 

the use of large language models for PHM, with frameworks 

such as PHM‑GPT unifying anomaly detection, fault 

diagnosis, and RUL prediction [9]. 

A particularly compelling case study involves the fault 

diagnosis of rotating machinery components, which are 

critical to the safe operation of mechanical systems in 

aerospace and industrial settings. Wang et al. (2025) proposed 

a YOLO v8‑C‑OD method that transforms original vibration 

signals into time-frequency images using continuous wavelet 

transform, then employs an improved YOLOv8 architecture 

incorporating Omni‑dimensional Dynamic Convolution and 

Convolutional Block Attention Module [4]. The method 

achieved fault classification diagnosis accuracy of 100% on 

the Case Western Reserve University dataset and 99.75% on 

an industrial dataset, outperforming existing state-of-the-art 

models. 

In the photovoltaic industry, deep learning frameworks 

have been developed for real-time fault detection and 

predictive maintenance of solar panels. These systems 

leverage infrared thermographic imaging combined with 

embedded AI to detect, locate, and diagnose faults in large-

scale PV plants. The integration of TinyML and IoT with 

thermal imaging enables real-time inspection and diagnosis at 

scale. 

For industrial sensing and control more broadly, machine 

learning techniques have seen practical success in addressing 

large-scale nonlinear sensing and control problems. 

Intelligent condition monitoring methods, with particular 

emphasis on chemical plants and the Tennessee Eastman 

Process benchmark, have been reviewed extensively, 

highlighting the strengths of state-of-the-art ML and DL 

algorithms [1]. Moreover, sample-efficient transfer learning 

frameworks leveraging large language models have been 

recently proposed for industrial RUL prediction, achieving 

notable performance with limited labeled data [10]. 

4.3. AI-Enhanced Sensor Calibration and Drift 

Compensation 

Beyond reading and diagnosis, a third critical application 

of AI in instrumentation lies in sensor calibration and long-

term drift compensation. Conventional sensors—especially 

those based on MEMS, piezoresistive, or capacitive 

principles—inevitably suffer from nonlinearity, cross-

sensitivity to temperature and humidity, and aging-induced 

zero-point and sensitivity drift. Traditional calibration 

methods rely on polynomial fitting or look-up tables, which 

are often inadequate for capturing high-order nonlinearities 

and time-varying environmental effects. AI, particularly 

neural networks and Gaussian process regression (GPR), 

offers a data-driven alternative that learns the complex input–

output mapping from multi-dimensional influencing factors. 

A representative case is the intelligent machining error 

prediction and compensation system proposed by Bai (2026), 

which combines convolutional neural networks (CNN) with 

an improved genetic algorithm (GA) [11]. The CNN captures 

local patterns and short-term dependencies within multi-

sensor time-series features from force, vibration, and thermal 

sensors, while the GA provides global optimization to 

circumvent local minima common to gradient-based 

compensation parameter tuning. The system achieved a root 

mean square error of 3.42 micrometers for machining error 

prediction, surpassing conventional methods by 38–47%, and 

yielded a 74.6% average error reduction through optimized 

compensation parameters. Experimental validation on a five-

axis machining center processing aluminum alloy workpieces 

showed that the system reduced dimensional deviations from 

12.8 to 2.9 micrometers and raised first-pass acceptance rates 

from 78.3 to 96.1% 

For more demanding applications requiring uncertainty 

quantification, GPR has emerged as a powerful alternative. 

Unlike neural networks, GPR provides predictive mean and 

variance simultaneously, which aligns naturally with the 

measurement science requirement for uncertainty reporting. 

A 2025 study demonstrated a GPR‑based calibration 

framework for capacitive humidity sensors, where the input 

vector included ambient temperature, relative humidity 

reference, and sensor raw capacitance [12]. The GPR model 

not only achieved a root-mean-square error of 0.8% RH 

(compared to 1.5% RH for polynomial regression) but also 

delivered a 95% confidence interval that was validated 

against ISO Guide to the Expression of Uncertainty in 

Measurement (GUM) procedures. The authors highlighted 
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that the ability to quantify uncertainty makes GPR 

particularly suitable for safety-critical applications such as 

pharmaceutical manufacturing and environmental monitoring. 

Furthermore, transfer learning has been explored to reduce 

the re-calibration effort when sensors are replaced or installed 

in different operating conditions. By pre-training a deep 

calibration model on a large dataset from multiple sensor units 

and then fine-tuning with a small number of on-site samples, 

the calibration accuracy can be maintained with only 20% of 

the calibration time required for full re-calibration. This 

approach is especially valuable for large-scale sensor 

networks in smart factories, where thousands of sensors 

require periodic calibration. Collectively, these examples 

illustrate that AI not only improves calibration accuracy but 

also enables adaptive, self-calibrating instruments that can 

maintain performance over extended service intervals—a key 

step toward truly intelligent measurement systems. 

5. Challenges and Future Directions 

Despite the remarkable progress in AI-empowered  

instrumentation, several significant challenges must be 

addressed to realize the full potential of these technologies. 

5.1. Data Scarcity and Annotation Burden 

Supervised deep learning methods require large amounts of 

annotated training data, which is often difficult and expensive 

to obtain in industrial settings. The challenge is particularly 

acute for niche instrumentation applications where data 

diversity is limited. While some efforts have introduced 

publicly available datasets—such as the first publicly 

available dataset for segmentation of substation meters [7]—

the availability of open, high-quality datasets remains limited. 

Future research should explore few-shot learning, transfer 

learning, and synthetic data generation to reduce the 

dependency on large annotated datasets. The recent progress 

in sample-efficient transfer learning for RUL prediction [10] 

offers a promising direction in this regard. 

5.2. Uncertainty Quantification 

A fundamental challenge in AI-assisted measurements is 

the reliable quantification of measurement uncertainty. 

Unlike conventional instruments, where uncertainty can be 

rigorously derived from physical principles and calibration 

procedures, AI models are inherently opaque. The 

instrumentation and measurement community has recently 

begun studying this issue rigorously [5], but much work 

remains to develop standardized uncertainty quantification 

methods for AI-assisted measurements that are compatible 

with established measurement standards such as the ISO 

GUM. 

5.3. Interpretability and Trust 

The black-box nature of deep learning models poses 

significant challenges for deployment in safety-critical 

industrial applications. Operators and regulators require not 

only accurate measurements but also explanations of how 

those measurements were derived. Recent research has 

explored interpretable AI for fault diagnosis, seeking to 

provide physically meaningful insights into model behavior. 

The integration of explainable AI techniques with 

instrumentation systems represents a promising direction for 

building trust and facilitating regulatory approval. 

5.4. Real-Time and Edge Deployment 

Many industrial instrumentation applications require real-

time processing, which is challenging for computationally 

intensive deep learning models. While lightweight models 

and edge deployment strategies have shown promise [8], 

there remains a trade-off between model accuracy and 

inference speed. Future research should continue to develop 

efficient neural network architectures specifically designed 

for instrumentation applications, as well as hardware 

acceleration techniques such as quantization and pruning. 

5.5. Generalization and Robustness 

AI models trained on data from one environment often fail 

to generalize to different conditions—different lighting, 

different instrument types, different degradation states. 

Improving the robustness and generalization capability of AI-

based instrumentation systems is essential for practical 

deployment. Techniques such as domain adaptation, data 

augmentation, and adversarial training may help address these 

challenges. 

5.6. Integration with Existing Infrastructure 

Finally, the integration of AI-based instrumentation with 

existing industrial infrastructure presents both technical and 

organizational challenges. Legacy systems may not be 

compatible with AI-enabled sensors and actuators, and the 

transition to intelligent instrumentation requires significant 

investment in both hardware and software. Hybrid approaches 

that combine AI with conventional models may offer a 

pragmatic pathway, enabling incremental adoption while 

maintaining compatibility with existing systems [2]. 

6. Conclusion 

The integration of artificial intelligence into 

instrumentation and measurement systems represents a 

paradigm shift with far-reaching implications for industrial 

monitoring, control, and maintenance. As this review has 

demonstrated, AI-empowered instrumentation has achieved 

remarkable success in applications ranging from automatic 

meter reading to predictive maintenance and sensor 

calibration, delivering substantial improvements in accuracy, 

efficiency, and operational safety. 

Deep learning-based approaches, particularly 

convolutional neural networks and object detection 

frameworks such as YOLO, have proven highly effective for 

visual instrument reading tasks, achieving accuracy levels 

that rival or exceed human performance while dramatically 

reducing measurement time [3,6,8]. In the domain of fault 

diagnosis and predictive maintenance, AI systems have 

demonstrated the ability to detect incipient faults that would 

be imperceptible to human operators, enabling proactive 

maintenance strategies that reduce downtime and improve 

equipment reliability [4,9,10]. Furthermore, AI-enhanced 

calibration methods using neural networks and Gaussian 

process regression have shown that intelligent instruments 

can achieve both superior accuracy and rigorous uncertainty 

quantification. 

However, significant challenges remain. The black-box 

nature of deep learning models, the difficulty of quantifying 

measurement uncertainty, the scarcity of annotated training 

data, and the requirements for real-time edge deployment all 

pose obstacles to widespread adoption [5]. Addressing these 

challenges will require continued interdisciplinary research at 
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the intersection of instrumentation, measurement science, and 

artificial intelligence. 

Looking forward, the future of intelligent instrumentation 

lies in the development of hybrid systems that combine the 

pattern recognition capabilities of AI with the interpretability 

and rigor of conventional model-driven approaches. Such 

systems will not only achieve superior performance but also 

earn the trust of operators and regulators—a prerequisite for 

the widespread deployment of AI-empowered  

instrumentation in safety-critical applications. 
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