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The manual development of CMOS-based analog circuits continues to pose significant 

challenges, largely due to device scaling, process-induced variations, and the nonlinear 

interactions among multiple interdependent design parameters. These complexities necessitate 

the advancement of automated methodologies to improve efficiency, scalability, and reliability 

in analog design. In this study, the Cuckoo Search (CS) algorithm is investigated as a robust 

evolutionary framework for the automated sizing of CMOS analog circuits, with particular 

emphasis on the Folded Cascode Operational Transconductance Amplifier (FOTA) 

implemented in both 0.18 µm and 0.35 µm CMOS technologies. To provide a rigorous 

comparative analysis, the performance of CS is benchmarked against two widely employed 
evolutionary algorithms, namely Differential Evolution (DE) and Particle Swarm Optimization 

(PSO). All algorithms were implemented in the C programming language, interfaced with the 

NGSPICE  simulator, and executed on an Intel® Core™ i5 processor (2.40 GHz, 8 GB RAM) 

under the Ubuntu operating system. The experimental findings reveal that CS consistently 

exhibits superior performance in terms of success rate, convergence reliability, and robustness. 

Specifically, in the case of the 0.35 µm FOTA design, CS achieved convergence to all target 

specifications in 9 out of 10 independent runs, outperforming DE (eight successes) and PSO 

(five successes). Comparable superiority of CS was also observed for the 0.18 µm process, 

thereby validating its potential across multiple technology nodes. This study demonstrates that 

CS not only provides superior optimization outcomes compared to DE and PSO but also 

establishes itself as a highly effective and reliable evolutionary framework for automated 
analog circuit design. The cross-technology validation and performance benchmarking 

highlight its practical relevance in advancing analog design automation 
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I. INTRODUCTION 

CMOS analog circuits form the foundation of systems ranging from precision sensors to high-speed communication links, yet 

their design remains demanding. Device-level variations, parasitic effects, and nonlinear behavior make analog optimization far more 

intricate than its digital counterpart. At the same time, designers must reconcile requirements for gain, bandwidth, stability, efficiency, 

and area, a combination that calls for rigorous multi-objective optimization methods.Among circuit-level challenges, transistor sizing is 
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the most critical. The folded-cascode operational transconductance amplifier (OTA) exemplifies these difficulties: its architecture resolves 

voltage headroom constraints while retaining high gain, offering wide input range and strong power-supply rejection. Yet its performance 

is highly sensitive to transistor dimensions, bias allocation, and parasitic interactions. Trade-offs among gain, bandwidth, slew rate, and 

power dissipation are further complicated by process variation.This study explores evolutionary algorithms (EAs) as a framework for 

transistor-level optimization, emphasizing their integration with high-fidelity circuit models. Through systematic evaluation, it 

demonstrates the capacity of EAs to handle the complexity of analog design spaces and to deliver balanced solutions across conflicting 

performance metrics, thereby advancing the automation and reliability of CMOS analog circuit design. 

II. LITERATURE REVIEW 

PSO has been widely used for automated sizing of CMOS analog circuits in SPICE-in-the-loop frameworks due to its simplicity, 

exploratory power, and reliable convergence in complex design spaces. Research has mainly focused on addressing its stagnation tendency 

and sensitivity to parameter settings. Shreeharsha et al. [1] developed an enhanced-velocity PSO (EV-PSO) with adaptive inertia weight 

and acceleration factors for CMOS op-amp sizing. The method encouraged broad exploration in the early phase and shifted to precise 

refinement later, leading to quicker convergence and a larger set of practical solutions than the basic PSO. In high-frequency circuit 

design, where parasitics and layout effects make optimization difficult, Liu et al. [2] applied a randomized PSO (R-PSO) to the co-design 

of a 60 GHz subharmonic mixer. Constraint handling is equally critical, since many analog design requirements—such as minimum phase 

margin or maximum slew rate—are imposed as strict limits rather than soft targets.  

Bouali et al. [3] developed a constraint-repaired PSO variant that incorporates adaptive neighborhooding to dynamically adjust 

the influence topology of particles. According to studies on particle swarm optimization (PSO), which also examined the influence of its 
hyperparameters, the swarm can vary or converge too early due to improper values of inertia or learning coefficients [4]. These issues 

have led to the introduction of parallel PSO implementations that employ distributed evaluation of possible solutions. Particle swarm 

optimization (PSO) has been adapted to many-objective frameworks as the number of these objectives increases. According to Shu et al. 

[5], PSO works well in problems with a small number of objectives, but as dimensionality rises, its efficacy decreases.In order to overcome 

this constraint, hybrid approaches that integrate PSO with Pareto-ranking schemes or decomposition-based techniques have been put 

forth, enabling the algorithm to maintain both population diversity and convergence.  

Differential Evolution (DE) has also shown reliable performance in CMOS optimization, especially when the design space is 

highly irregular, multimodal, and tightly constrained [6]. Zhao et al. [7] demonstrated DE’s capability by combining it with a deterministic 

direct search for fully automated op-amp synthesis. In multi-objective contexts, advanced DE variants such as GDE3 have been employed 

in conjunction with surrogate models to reduce computational cost. Vişan et al. [8] demonstrated a Gaussian process-assisted GDE3 for 

optimizing a folded-cascode OTA, achieving wide Pareto front coverage with a significantly reduced number of SPICE simulations. 

Recently, DE has also been embedded within Bayesian Optimization frameworks to address budget-constrained optimization problems 
[9]. Cuckoo Search (CS), inspired by the brood parasitism behavior of certain cuckoo species and characterized by Lévy flight-based 

random walks, has emerged as a powerful alternative for analog sizing problems that demand both aggressive exploration and the ability 

to fine-tune within narrow feasible corridors.  

The heavy-tailed step distribution inherent to Lévy flights enables CS to traverse wide regions of the design space, thereby 

avoiding premature convergence a common challenge in constrained analog design tasks. In ultra-low-voltage design, where transistor 

sizing is tightly constrained by near-threshold operation, Fortes et al. [10] applied a standard CS algorithm to the design of a 0.25 V bulk-

driven Miller OTA in 130 nm CMOS. CS has also been adapted for parasitic-aware layout optimization, as demonstrated by Abouelyazid 

et al. [11]. Their modified CS incorporated placement-and-routing-aware performance estimation, enabling the optimizer to maintain 

post-layout performance metrics closely aligned with pre-layout targets. A broader methodological assessment by Abualigah et al. [12] 

underscored CS’s suitability for highly nonconvex analog design problems, emphasizing its ability to balance exploration and exploitation 

dynamically without extensive parameter tuning.  
This low-sensitivity to parameter configuration is particularly valuable in industrial CAD flows, where rapid algorithm 

deployment is often prioritized over prolonged parameter calibration. Z. Xu et al. [13] showed that deterministic multi-objective methods 

can equal or even outperform evolutionary approaches on smaller analog design tasks. Lberni et al. [14] employed deep neural network 

surrogates to model the nonlinear input–output mapping of analog circuits, embedding these models within the evolutionary loop. This 

approach reduced the reliance on computationally expensive SPICE evaluations while preserving high-fidelity optimization, enabling 

larger design spaces to be explored under fixed computational budgets. Complementary enhancements such as yield-aware optimization 

[15] and feasibility-biased initial population generation [16] have been increasingly incorporated into hybrid EA frameworks. 

II.1 MAJOR GAPS IN THE LITERATURE: 

• Evolutionary algorithms are effective for analog circuit sizing but struggle with many-objective problems, strict design 

constraints, and process variability. 

• A scalable and unified optimization framework that addresses these challenges is still lacking. 

• Current methods rely heavily on SPICE-in-the-loop evaluations and lack smooth integration into industrial CAD flows. 

• There is a need for a holistic approach that unites evolutionary search, surrogate modeling, and deterministic refinement to enable 

practical, automation-ready analog circuit design. 
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Figure 1: Adopted framework for automated circuit design methodology. 

Source: Authors, (2026). 

III. MATERIALS AND METHODS 

The schematic representation of the automated CMOS analog circuit design framework, as depicted in Figure 1, constitutes a 

subset of a broader design automation environment. In this framework, the circuit topology is selected beforehand and treated as fixed. 

The system combines an evolutionary optimization engine with a SPICE-based simulator to synthesize CMOS analog circuits that meet 

defined performance targets. The optimizer systematically tunes transistor dimensions and bias conditions, while each candidate solution 

is validated through Ngspice simulations [17]. At every iteration, a parameterized SPICE netlist is generated to capture the electrical 

behavior of the design. MOS devices are constrained to operate in saturation, verified through bias point analysis and voltage transfer 

characteristics. The netlist is passed to the simulator to ensure device-level consistency, and a dedicated interface coordinates data flow 
between the optimizer and SPICE. Optimization begins with EA initialization, defining design variables, bounds, and objectives, followed 

by population generation and evaluation. This iterative co-simulation process enables detailed exploration of the design space and guides 

convergence toward high-fidelity solutions that satisfy analog performance requirements. Based on the outcomes produced by the circuit 

simulator, the fitness function of the circuit is quantitatively evaluated according to the following mathematical formulation [18]. 

 

                                         (1) 
 

Here, 𝐷 denotes the total number of targeted design specifications. This formulation essentially computes the Root Mean Square 

(RMS) error, thereby attributing equal weighting to all specifications, irrespective of their individual magnitudes or sensitivities. 

Consequently, the optimizer is compelled to satisfy each specification with comparable emphasis, ensuring a balanced trade-off among 

potentially conflicting performance objectives. Following the evaluation of the fitness function, the process proceeds to the termination 

check. The optimization cycle is concluded only if the pre-defined stopping conditions are fulfilled. In this work, the termination criteria 

are established as either (i) achieving a fitness function value below a stringent threshold of 1×10 −6, or (ii) reaching the upper bound of 

100 iterations. Should neither condition be met, the evolutionary algorithm (EA) generates a new candidate set of design parameters, and 

the cycle is repeated.  
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Figure 2: Folded Cascode OTA. 

Source: Authors, (2026). 

This iterative refinement embodies the optimizer’s primary objective: to progressively reduce the fitness function value at each 

successive iteration until convergence to the desired solution is realized. The optimizer’s performance depends on factors such as 

hyperparameter tuning, design space complexity, variable ranges, and the number of specifications to be met. This work applies three 

metaheuristic algorithms PSO, DE, and CS to optimize CMOS analog circuits, enabling a comparative assessment of their efficiency, 

robustness, and suitability for design automation. 

IV. RESULTS AND DISCUSSIONS 

The circuit diagram of CMOS Folded Cascode OTA (FOTA) is shown in Figure 2 [19]. More theoretical and mathematical 

analysis of this circuit can be found in [19], [20]. We have considered the width of M1, M2, and M12 transistors as W1 = W2 = W12, the 

width of M3 and M4 transistors as W3 = W4, the width of M5 and M6 transistors as W5 = W6, the width of M7 and M8 transistors as 

W7 = W8, the width of M9 and M10 transistors as W9 = W10, the width of M11 transistor as W11, the width of M13 transistor as W13, 

and the width of M14 transistors as W14 for this circuit. We have set the length of all transistors as L = 1 µm. So, this circuit has nine 

design parameters namely W1 = W2 = W12, W3 = W4, W5 = W6, W7 = W8, W9 = W10, W11, W13, W14, and Ibias. The circuit is 

optimized to drive the load capacitor of 0.1 pF. The supply voltage is set to ±1.8 V and ±2 V for both 0.18 µm and 0.35 µm CMOS 

technologies respectively.  

Table 1: Search space and optimized parameters by different EAs for FOTA using 0.35 µm CMOS technology. 

Sr. 

No. 

Design 

Parameters 

Search Space of 

Design Parameters 

Optimized values of Design Parameters 

PSO DE CS [20] [19] 

1 W1,2,12 (µm) 1 µm to 200 µm 196.24 200 121.31 25.6 28.5 

2 W3,4 (µm) 1 µm to 200 µm 94.6 93.77 35.11 12.8 49.9 

3 W5,6 (µm) 1 µm to 200 µm 163.95 200 143.37 4.5 16.4 

4 W7,8 (µm) 1 µm to 200 µm 163.95 200 143.37 4.5 34.2 

5 W9,10 (µm) 1 µm to 200 µm 195.34 200 164.99 49.2 49.85 

6 W11 (µm) 1 µm to 200 µm 200 200 71.37 9 68.4 

7 W13 (µm) 1 µm to 200 µm 200 200 100.21 25.6 99.8 

8 W14 (µm) 1 µm to 200 µm 187.98 200 75.07 9 32.8 

9 Ibias (µA) 1 µA to 200 µA 116.08 133.42 130.54 27.5 30 

Source: Authors, (2026). 
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Table 2 presents a comparative summary of both the targeted specifications and the achieved simulated values corresponding to 

the optimized design parameters obtained through the application of different evolutionary algorithms (EAs) to this circuit. For this design 

case, a total of twelve distinct performance specifications are imposed, namely: open-loop voltage gain (Av), unity-gain bandwidth 

(UGB), phase margin (PM), positive power supply rejection ratio (+PSSR), negative power supply rejection ratio (–PSSR), rail-to-rail 

swing ratio (RSR), full swing ratio (FSR), common-mode rejection ratio (CMRR), power dissipation (Pdiss), input-referred noise spectral 

density (Nin) at 10 kHz, integrated input-referred noise (Nint) across the frequency band from 1 Hz to 100 kHz, and the Total MOS 

Transistor Area (TTA).  

The search space and optimized values achieved by different EAs for the design parameters of this circuit using 0.35 µm CMOS 

technology are found better than [19] and [20] listed in Table 1. Previous investigations have also explored the optimization of this circuit 

topology under comparable CMOS technologies. Vural et al. [21] reported the application of the standard Particle Swarm Optimization 

(PSO) algorithm for the design of this circuit, while Mallick et al. [22] extended this line of research by employing a Craziness-based 
PSO (CRPSO) variant to further enhance the exploration capabilities of the swarm and mitigate premature convergence issues. In 

comparison, the present results demonstrate improved performance over those reported by Vural et al. [21] using standard PSO and by 

Mallick et al. [22] with the CS variant, as summarized in Table 2. 

Table 2: Desired specifications and obtained specifications by different EAs for FOTA using 0.35 µm CMOS technology. 

Sr. No. Specifications 
Desired 

value 

Obtained Specifications 

PSO DE CS [21] [22] 

1 AV (dB) > 70 74.15 73.53 74.45 76 85. 5 

2 UGB (MHz) > 100 157.70 156.39 219.42 420 537 

3 PM (°) > 45 83.64 64.97 81.79 -- --- 

4 +ve PSSR  (dB) > 65 68.82 68.93 70.03 57.68 79 

5 - ve PSSR (dB) > 75 84.85 85.16 83.24 57.68 79 

6 RSR (V/µs) > 40 155.89 90.40 85.49 200 290 

7 FSR (V/µs) > 40 53.83 54.33 67.85 200 290 

8 CMRR (dB) > 80 117.50 129.88 110.97 59.23 61.75 

9 Pdiss (mw) < 1 0.739 0.851 0.880 0.66 0.696 

10 Nin (nV2/Hz) < 1e-6 7.75 e-8 6.75 e-8 5.23 e-8 -- --- 

11 Nop (nV2/Hz) < 1e-3 4.06 e-4 3.44 e-4 4.26 e-4 -- --- 

12 TTA (µm2 ) < 3000 2412.38 2587.54 1584.26 262.4 1155.37 

Source: Authors, (2026). 

Table 3: Performance of different EAs for optimization of FOTA using 0.35 µm CMOS technology. 

Algorithm SDfitness Iteravg FEavg Srate Tsim (s) 

DE 0.030888 60 1857 8 3835 

PSO 0.233654 56.40 1692 5 3393 

CS 0.090025 56.20 3402 9 6442 

Source: Authors, (2026). 

The desired design specifications, along with the corresponding values obtained through parameter optimization using different 

evolutionary algorithms (EAs) for this circuit in a 0.35 µm CMOS technology, are summarized in Table 1. The comparative performance 

of three well-established optimization techniques PSO, DE and CS was systematically evaluated through 10 independent experimental 

runs, as presented in Table 3. The CS algorithm showed the greatest robustness, meeting all target specifications in 9 of 10 runs, compared 
with eight for DE and five for PSO. These results position CS as a promising tool for complex analog design tasks involving high-

dimensional parameter spaces and tight performance constraints. For the 0.18 µm CMOS implementation, Table 4 lists the parameter 

search ranges alongside the optimized values obtained by each algorithm. The results highlight the efficiency with which different 

algorithms navigate the high-dimensional search landscape to satisfy stringent performance specifications. 

The desired design specifications are presented in Table 5 for the circuit implemented in 0.18 µm CMOS technology. A detailed 

performance comparison of PSO, DE, and CS across 10 independent optimization trials is provided in Table 6. The results reveal that 

both CS and DE consistently achieved convergence to all targeted specifications in every run. PSO achieved full specification compliance 

in only 4 of 10 runs, reflecting weaker robustness in navigating the circuit’s design space. Evaluation of CS showed the most efficient 

convergence, requiring fewer iterations on average than both DE and PSO. This efficiency reflects CS’s stronger balance between 

exploration and exploitation in high-dimensional spaces. While DE demanded slightly more computation than CS, it remained more 

reliable and efficient than PSO. 
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Table Erro! Nenhum texto com o estilo especificado foi encontrado no documento.: Search space and optimized parameters by 

different EAs for FOTA using 0.18 µm CMOS technology. 

Sr. 

No. 

Design 

Parameters 

Search Space of Design 

Parameters 

Optimized values of Design Parameters 

PSO DE CS 

1 W1,2,12 (µm) 1 µm to 200 µm 110.47 200 44.81 

2 W3,4 (µm) 1 µm to 200 µm 99.66 74.85 3.79 

3 W5,6 (µm) 1 µm to 200 µm 172.18 200 174.84 

4 W7,8 (µm) 1 µm to 200 µm 172.18 200 174.84 

5 W9,10 (µm) 1 µm to 200 µm 108.2 200 63.72 

6 W11 (µm) 1 µm to 200 µm 200 149.89 7.44 

7 W13 (µm) 1 µm to 200 µm 159.5 200 181.08 

8 W14 (µm) 1 µm to 200 µm 175.58 200 96.17 

11 Ibias (µA) 1 µA to 200 µA 142.84 130.32 149.55 

Source: Authors, (2026). 

Table 5: Desired specifications and obtained specifications by different EAs for FOTA using 0.18 µm CMOS technology. 

Sr. 

No. 
Specifications Desired value 

Obtained Specifications 

PSO DE CS 

1 AV (dB) > 70 77.71 77.86 79.03 

2 UGB (MHz) > 100 167.19 146.54 194.02 

3 PM (°) > 45 76.72 70.13 80.93 

4 +ve PSSR (dB) > 65 77.92 77.09 78.47 

5 - ve PSSR (dB) > 75 77.35 78.55 79.67 

6 RSR (V/µs) > 10 88.09 166.63 40.43 

7 FSR (V/µs) > 10 52.95 41.01 57.69 

8 CMRR (dB) > 80 137.17 139.92 140.35 

9 Pdiss (mw) < 1 0.867 0.779 0.843 

10 Nin (nV2/Hz) 1e-6 4.06 e-8 5.11 e-8 2.51 e-8 

11 Nop (nV2/Hz) 1e-3 2.79 e-4 2.96 e-4 2.77 e-4 

12 TTA (µm2 ) < 3000 1970.93 2499.59 1253.5 

Source: Authors, (2026). 

Table 6: Performance of different EAs for the optimization of FOTA using 0.18 µm CMOS technology. 

Algorithm SDfitness Iteravg FEavg Srate Tsim (s) 

DE 0.0 38 1170 10 2428 

PSO 0.218294 69 2067 4 4088 

CS 0.0 38.30 2328 10 4493 

Source: Authors, (2026). 

Taken together, these findings establish that while both CS and DE demonstrate strong potential as optimization frameworks for 

analog circuit design in deep-submicron CMOS technologies, CS holds a distinctive advantage due to its consistent reliability coupled 

with faster convergence. The weaker performance of PSO in this study highlights the shortcomings of swarm-based heuristics when 

applied to highly constrained, nonlinear, and multi-objective design problems. By comparison, the results point to CS and DE as more 

effective optimization strategies for analog design automation at the 0.18 µm technology node. 

V. CONCLUSIONS 

This work examined the use of the Cuckoo Search (CS) algorithm for automated design of CMOS analog circuits, focusing on the 

Folded Cascode OTA in 0.18 µm and 0.35 µm technologies. When compared to Particle Swarm Optimization (PSO) and Differential 

Evolution (DE), CS consistently produced higher success rates, faster convergence, and more robustness under demanding design 

constraints. In 9 of 10 trials, CS converged for the 0.35 µm process, surpassing DE with 8 and PSO with 5. The effectiveness of CS across 

technology scales is confirmed by similar results at 0.18 µm.The study emphasizes DE's relative competitiveness while highlighting 

PSO's shortcomings in complex analogue design. However, CS was able to strike an improved balance between exploration and 

improvement, which made it a dependable method for circuit automation in the face of complexity and scaling issues. Because of its 
proven effectiveness, it can be integrated into next-generation CAD platforms for mixed-signal SoCs, which can shorten development 

cycles and increase design productivity. Future directions include extension to advanced nodes, multi-objective strategies that explicitly 

recognize trade-offs in power, area, and noise, and hybrid approaches that integrate CS with other heuristics. 
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