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High-frequency electronic circuits, switched-mode power supplies (SMPS), and 

Class-D amplifiers frequently encounter electromagnetic interference (EMI) and 

electromagnetic compatibility (EMC) compliance failures. This paper presents an 

automated computer vision and machine learning-powered framework designed to 

accept raw circuit schematic images as direct input to automatically detect EMI/EMC 

problems and generate immediate engineering mitigation guidance. The end-to-end 

pipeline integrates OpenCV and Tesseract OCR to extract passive filter component 

parameters (inductance L, capacitance C, damping resistance R_damp) and switching 

frequencies (f_sw) directly from schematic diagrams. A numerical simulation module 

constructs transfer function models to synthesize 300-point magnitude frequency 

profiles across high-frequency spectra. An ensemble Random Forest classifier 

evaluates these feature vectors to identify specific failure modes, notably switching 

frequency noise leakage caused by filter notch misalignment. Upon fault detection, 

an integrated expert mitigation engine calculates exact component adjustments and 

structural filtering rules to rectify the failure. Tested across Class-D audio amplifiers, 

SMPS flyback filters, and DC-DC converters, the proposed vision system provides 

robust automated fault detection and prevention without manual netlist creation. 

Keywords: Electromagnetic Interference (EMI), Electromagnetic Compatibility 

(EMC), Computer Vision, Tesseract OCR, Random Forest Classifier, Notch 

Attenuation, Fault Detection, Mitigation Engineering, Software Automation. 

 

1. Introduction 

Electromagnetic compatibility is a critical design threshold in modern power electronics. High-frequency power 

electronic circuits and switched-mode converters frequently experience electromagnetic interference (EMI) 

compliance failures. Rapid voltage transitions (dv/dt) and current switching slopes (di/dt) generate unwanted 

electromagnetic noise that leaks through filter stages and power lines. When designing filter networks, manual 

calculation errors or component misalignments often lead to switching frequency noise leakage, causing severe 

electromagnetic compatibility (EMC) issues. 

To overcome manual data-entry errors and eliminate trial-and-error redesigns, this paper introduces an automated 

vision-based software diagnostic framework. The system takes a circuit schematic image as direct input, processes the 

image using Computer Vision and OCR, simulates the circuit's frequency response profile, detects EMI/EMC failure 

modes using an ensemble Random Forest classifier, and outputs explicit step-by-step mitigation instructions on how 

to rectify and prevent the detected noise leakage. 

2. SOFTWARE ENVIRONMENT & TOOLSTACK 

The complete diagnostic and mitigation framework is implemented in Python 3 within an Ubuntu Linux environment. 

The software architecture utilizes five primary libraries: 

• Python 3: Serves as the core program orchestrating image loading, numerical matrix operations, and machine 

learning inference execution. 

• OpenCV: Executes computer vision operations, including grayscale conversion, Gaussian blurring, adaptive 
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thresholding, and contour bounding-box detection to isolate text regions in schematic diagrams. 

• Tesseract OCR: Scans isolated text bounding boxes to parse component labels, numerical values, and SI unit prefixes. 

• NumPy: Performs high-speed vector array computations to evaluate 300-point logarithmic frequency response 

curves. 

• Scikit-learn: Provides the machine learning framework to train and evaluate the 100-tree ensemble Random Forest 

classifier. 

3. END-TO-END AUTOMATED DIAGNOSTIC PIPELINE 

The proposed system operates through four automated sequential modules: Optical Parameter Extraction, Transfer 

Function Frequency Simulation, Random Forest Fault Detection, and Expert Engineering Mitigation. 

A. Optical Schematic Parameter Extraction 

1) Image Pre-processing: Ingested schematic image files undergo grayscaling, Gaussian filtering (5x5 kernel), and 

adaptive thresholding to eliminate image background noise. 

2) OCR Parameter Parsing: Tesseract OCR scans isolated region-of-interest (ROI) bounding boxes. Regular 

expression (Regex) pattern matching extracts numerical attributes for inductance (L in µH), capacitance (C in nF), 

damping resistance (R_damp in mΩ), and switching frequency (f_sw in kHz) into a structured Python dictionary. 

B. Universal Frequency Response Simulation 

The extracted parameter dictionary is fed into a numerical simulation engine. The simulator formulates the second-

order transfer function H(s) and computes a standardized 300-point logarithmic magnitude-frequency profile |H(f)|_dB 

spanning high-frequency spectrum points. 

C. Machine Learning EMI Fault Detection 

The 300-point magnitude vector is passed to a trained ensemble Random Forest classifier (100 decision trees). The 

classifier evaluates attenuation depth and resonance shapes to detect non-compliance failure modes, specifically 'Poor 

Notch Attenuation' where switching noise leaks through due to notch misalignment relative to f_sw. 

D. Expert Engineering Mitigation Engine 

When an EMC failure alert is detected, the expert engine executes automated component recalculations using the 

notch frequency equation: 

f_notch = 1 / (2 * π * √(L * C)) 

To rectify and prevent the failure, the engine calculates the exact target capacitance C_target or target inductance 

L_target required to shift the attenuation notch directly onto f_sw: 

C_target = 1 / (4 * π^2 * f_sw^2 * L) 

Additionally, the engine prescribes structural noise suppression steps, such as implementing a Common-Mode Choke 

at the input stage to suppress conducted electromagnetic noise. 

4. EXPERIMENTAL VALIDATION & CASE STUDIES 

The automated framework was tested across three representative circuit schematic inputs in an Ubuntu environment: 

A. Case 1: Class-D Audio Amp Output Filter 

The system loaded the schematic 'Image-Parsed Circuit Schematic' and extracted values: L = 22.0 µH, C = 680.0 

nF, R_damp = 5.0 mΩ, and f_sw = 250.0 kHz.  

The 300-point frequency profile was generated.  

The Random Forest classifier detected an EMC failure: ALERT: EMC FAILURE DETECTED (Poor Notch 

Attenuation). Inference confirmed switching noise leakage due to filter notch misalignment. 

 The mitigation engine issued two rectifications, 

(1) Adjust trap capacitor C or inductor L to shift notch onto 250.0 kHz  

(2) Implement a Common-Mode Choke at the input stage 
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B. Case 2: SMPS Flyback Input EMI Filter 

For the SMPS flyback filter schematic, OCR parsed: L = 1500.0 µH, C = 470.0 nF, R_damp = 5.0 mΩ, and f_sw 

= 120.0 kHz. 

The classifier flagged an EMC failure with poor notch attenuation at 120.0 kHz. The mitigation module advised 

shifting the notch attenuation directly onto 120.0 kHz and adding a Common-Mode Choke. 

 
C. Case 3: DC to DC Buck Converter Output Stage 

For a DC-DC buck converter output stage, optical parsing extracted: L = 47.0 µH, C = 100.0 nF, R_damp = 5.0 

mΩ, and f_sw = 100.0 kHz. 

 The ML engine identified switching noise leakage at 100.0 kHz and provided exact component adjustment guidance 

along with common-mode choke insertion. 
 

 

TABLE I. SUMMARY OF AUTOMATED DIAGNOSTIC AND MITIGATION RESULTS ACROSS 

CIRCUITS 

Circuit Topology L (µH) C (nF) f_sw (kHz) EMC Diagnostic 

Status & 

Recommended 

Action 
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Class-D Audio Amp 

Filter 
22.0 680.0 250.0 ALERT: Poor Notch 

Attenuation -> Shift 

notch to 250.0 kHz 

& add Common-

Mode Choke 

SMPS Flyback Input 

EMI Filter 
1500.0 470.0 120.0 ALERT: Poor Notch 

Attenuation -> Shift 

notch to 120.0 kHz 

& add Common-

Mode Choke 

DC-DC Buck 

Converter Stage 
47.0 100.0 100.0 ALERT: Poor Notch 

Attenuation -> Shift 

notch to 100.0 kHz 

& add Common-

Mode Choke 

5. SYSTEM ADVANTAGES & PERFORMANCE DISCUSSION 

By taking schematic diagrams directly as visual inputs, the framework completely eliminates manual data-entry errors. 

The integrated pipeline processes image inputs, computes 300-point frequency response profiles, performs Random 

Forest classification, and outputs step-by-step mitigation advice in under 1.2 seconds. 

6. CONCLUSION 

This paper demonstrated an end-to-end vision-based AI/ML framework for automated EMI/EMC fault detection and 

mitigation. By combining OpenCV and Tesseract OCR for schematic parameter extraction, numerical simulation for 

300-point frequency profiling, and Random Forest classification for fault detection, the system automates circuit 

testing directly from schematic images. The mitigation engine provides instant component recalculation formulas and 

structural filter modifications to eliminate switching noise leakage and prevent EMC failures. 
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