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ABSTRACT 82 

Machine learning modeling has recently gained attention in bioprocess engineering research for 83 

its precision prediction, optimization, and failure detection. However, due to its ñblack boxò 84 

nature, interpretability approaches are needed to integrate to improve their understandability. In 85 

our study, the conventional approach of bioprocess assessment (i.e., kinetic modeling, a 86 

systematic review with meta-analysis, and long-term continuous operation) assisted with 87 

statistical analysis, and machine learning modeling was employed. In the batch experiments, 88 

higher food waste content resulted in higher specific methane yield (SMY), indicating higher 89 

biodegradability during co-digestion. The superimposed model with the first-order kinetic and 90 

modified Gompertz structure exhibited better accuracy among others in co-digestion. Meta-91 

analysis reveals synergistic interactions of lignocellulosic biomass with animal manures and food 92 

waste with animal manures and lignocellulosic biomass (relative synergistic index, RSI > 1.20). 93 

Based on correlation analysis, multilinear regression, and tree-based regression, temperature was 94 

identified as a key parameter to improve methane yield in co-digestion of lignocellulosic 95 

biomass and fats, oils, and grease. However, food waste content is more important in food waste 96 

co-digestion. Long-term anaerobic co-digestion reaffirms that higher food waste content resulted 97 

in higher methane yield due to its rapid biodegradability and reveals the interactions of 98 

microaeration on hydrogenotrophic methanogenesis. The time-series model, specifically the 99 

trained nonlinear autoregressive network with exogenous inputs (NARX), also showed 100 

promising application on continuous systems with R2 = 0.8ҭ0.9. 101 

Keywords: anaerobic co-digestion, machine learning, microaeration, food waste, sewage sludge, 102 

kinetic modeling 103 
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PREFACE 295 

Research work based on Objective 1 (Chapter 2) was published in the journal of 296 

Bioresource Technology: Karki, R., Chuenchart, W., Surendra, K. C., Sung, S., Raskin, L., & 297 

Khanal, S. K. (2022). Anaerobic co-digestion of various organic wastes: Kinetic modeling and 298 

synergistic impact evaluation. Bioresource Technology, 343, 126063. 299 

https://doi.org/10.1016/j.biortech.2021.126063 (Equal contributed to the first author) . The 300 

content was used in this dissertation with permission from the publisher with License number: 301 

5670320326079 under the title ñApplication of machine learning in performance prediction of 302 

anaerobic co-digestion of sewage sludge and food waste with microaerationò.  303 
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CHAPTER 1 INTRODUCTION  304 

1.1 Waste generation and waste management 305 

1.1.1 Food waste management 306 

Rapid growth in the worldwide population combined with urbanization has further 307 

aggravated issues with organic waste management. Globally, about 17% of the food available 308 

was wasted in 2018 (UNEP, 2021). Within the U.S., annual food wastage (food loss and waste) 309 

was estimated to be 73ï152 million metric tons (MT) from 2011ï2020, (Guo et al., 2020; UNEP, 310 

2021; USDA, 2019). This amount of food waste (FW) has substantial economic and 311 

environmental footprints. For example, without accounting for greenhouse gas (GHG) emissions 312 

from land use change, the global carbon footprint of food produced but not eaten is estimated to 313 

be 3.3 giga MT of CO2 equivalent (billion MT CO2e), thereby making the sector the third top 314 

emitter of GHG following the U.S. and China (FAO, 2013). 315 

According to the U.S. environmental protection agency (EPA), the U.S. food wastage 316 

management corresponds to 170 million MT of CO2e GHG emissions (excluding landfill) (EPA, 317 

2021). Furthermore, FW is the single most common material that is landfilled (24%) and 318 

incinerated (22%) in the U.S. (EPA, 2021). Because of the high percentage of FW in landfills, 319 

they account for 34% of all anthropogenic methane emissions in the U.S. (EPA, 2011). 320 

Additionally, incineration is not a thermodynamically favorable technology for valorization of 321 

FW into power due to its high moisture content. 322 
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1.1.2 Sewage sludge management 323 

Sewage sludge (SS) as a byproduct from mostly activated sludge biological treatment in 324 

wastewater treatment process. It was estimated that SS was generated 45 dry MT per year (Gao 325 

et al., 2020). SS could contain organic compounds, trace elements, and organic nitrogen, though 326 

caution is warranted due to the potential presence of hazardous elements. As per the definition by 327 

EPA, ñbiosolidsò typically means treated SS that meet the requirements in Title 40 of the Code of 328 

Federal Regulations (CFR) part 503 and are intended to be applied to land as a soil amendment 329 

or fertilizer. 4.5 million dry MT of SS were treated for land application (43%), incineration 330 

(14%), and landfill (42%) (EPA, 2023). Notably, landfilling is the end of pipe treatment in which 331 

energy was not created and is associated with heavy metals and possible soil and water 332 

contamination in the future. In addition, due to high moisture content, the energy capacity of SS 333 

without drying is lower than that of other biomasses. Compared with other treatment methods, 334 

such as composting incineration (with and without thermal drying), anaerobic digestion is the 335 

lowest greenhouse gas emission method due to fuel and energy generation (Piippo et al., 2018). 336 

Alternatively, anaerobic digestion is the possible treatment of closed conditions, energy 337 

production, dewaterability, and possible post-treatment, such as heat or chemicals. Indeed, only 338 

50% of SS (primary and secondary) was utilized for anaerobic digestion, accounting for 12.6 dry 339 

metric tonnes (Seiple et al., 2017). 340 

1.2 Anaerobic digestion 341 

1.2.1 Mono-digestion 342 

Despite the relatively high methane production potential of FW, challenges arise from its 343 

rapid hydrolysis, which frequently results in the accumulation of volatile fatty acids (VFAs) and 344 
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can lead to process instability or failure. The rapid hydrolysis of FW is attributed to the presence 345 

of soluble organic compounds such as soluble sugars and proteins. In addition to this, FW 346 

characteristics are very fluctuate. Compounding this issue is the inherent variability in the 347 

characteristics of FW, making the design of a standalone FW mono-digestion system 348 

exceptionally challenging. To address these challenges, researchers have extensively investigated 349 

the co-digestion of FW with other substrates, particularly those rich in nitrogen (Karki et al., 350 

2021).  351 

On the other way, SS inherently contains nitrogen, trace elements, and nutrients, making 352 

SS mono-digestion a potentially lucrative avenue for biofertilizer production. This process could 353 

not only yield energy for operating wastewater treatment but also capitalize on the nutrient-rich 354 

composition of SS. However, challenges arise, particularly in systems where the protein content 355 

is higher, leading to the production of sulfur and subsequent corrosion issues. 356 

1.2.2 Co-digestion of food waste and sewage sludge 357 

AD technology has been widely adopted for resource recovery, specifically extracting 358 

methane-rich biogas and organic fertilizer from organic wastes such as FW and SS, concurrently 359 

addressing waste remediation. Despite its feasibility, only 8.3% of FW was anaerobically 360 

digested in 2018. USEPA classifies FW-based AD facilities into stand-alone (62 facilities), on-361 

farm co-digestion (59 facilities), and co-digestion at water resource recovery facilities (WRRF) 362 

(77 facilities) (Pennington, 2019). More importantly, out of 1269 WRRFs, only 77 facilities used 363 

FW as a co-substrate.  364 

The co-digestion of FW and SS, known as AcoD, has garnered significant research 365 

interest due to the spatiotemporal availability of these materials, their proper nutrient balance, 366 
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and the potential for dilution of toxic compounds. Moreover, co-digestion of FW has been found 367 

to improve the dewaterability of digestate and enhance plant growth (Karki et al., 2021). 368 

However, challenges arise from the fluctuating characteristics of FW and the presence of slowly 369 

biodegradable organic compounds in SS, particularly when operating at higher organic loading 370 

rates (OLRs). Consequently, achieving stable and efficient operation of co-digestion systems, 371 

especially in water resource recovery facilities, remains limited due to these challenges. 372 

1.2.3 Governing factors 373 

Organic loading rate 374 

Organic loading rate indicates the amount of co-substrates added into the system per unit 375 

of time. In anaerobic digestion, it is generally expressed as a volumetric basis mostly in the unit 376 

of gVS/L.d. This is because solid waste encompasses both non-soluble and soluble organic 377 

components, and characterizing it by volatile solids (VS) is more appropriate than chemical 378 

oxygen demand (COD), which is better suited for liquid or soluble substrates. The efficiency of 379 

the system is significantly influenced by organic loading rates, as they are directly proportional 380 

to the mass of substrates introduced. Higher organic loading rates translate to increased substrate 381 

mass input. However, the application of organic loading rates is constrained by the maximum 382 

loading rate and optimal conditions for a specific substrate or mixture. The maximum organic 383 

loading rate is determined by experimental conditions that precede system failure. Signs of this 384 

failure include inhibited methane production, a decrease in pH to acidic levels, and the 385 

accumulation of volatile fatty acids. On the other hand, the optimal organic loading rate 386 

corresponds to the maximum methane yield identified through varying organic loading rates. 387 

Exceeding the optimal organic loading rate can partially inhibit methane production, resulting in 388 

a lower specific methane yield than under optimal conditions. Consequently, continuous 389 
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experimentation is crucial to identifying both the optimum and maximum organic loading rates 390 

for a given system. For sewage, the typically observed maximum organic loading rate ranges 391 

around 2-3 gVS/L·d. (Neczaj et al., 2012; R. Xu et al., 2017) and the maximum organic loading 392 

rate of FW is around 3-4 gVS/LȚd (Chuenchart et al., 2020). This value, however, is contingent 393 

on various operating conditions and substrate characteristics. In the context of co-digestion, 394 

organic loading rates can be expressed either for individual co-substrates or as a mixture with 395 

defined co-substrate ratios. These rates play a pivotal role in determining the efficiency and 396 

stability of the co-digestion process. 397 

Co-substate ratio and Carbon to nitrogen ratio (C/N ratio) 398 

the proportion of substrates within a co-substrate mixture is identified by the co-substrate 399 

ratio, a critical factor influencing biogas productivity and system stability. Each substrate 400 

possesses unique properties, and variations in co-substrate ratios significantly impact biogas 401 

yield. For instance, FW, rich in rapidly biodegradable organic compounds, yields higher methane 402 

(627 NmL/gVS) compared to SS (250 NmL/gVS) (Karki et al., 2022). Co-substrates may include 403 

fibers (e.g., straw, agricultural residues, green waste, energy crops), ammonia (e.g., pig manure), 404 

organic nitrogen (e.g., slaughterhouse waste, SS), and microorganisms (e.g., animal manure). 405 

Identifying the optimal co-substrate ratio is vital for real-scale operation and can be approached 406 

through different methods. 407 

One approach involves applying stoichiometry, using a rule of thumb such as a C/N ratio 408 

range of 20-30. This can be determined by analyzing the substrate mixture or calculating the 409 

proportions of individual substrates. However, this rule may not be universally applicable, 410 

especially with complex, fibrous, or hard-to-disintegrate co-substrates. Another method involves 411 

bioassays, such as biomethane potential tests (BMP tests), which provide the ultimate methane 412 
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yield per co-substrate mixture VS (see Chapter 2). While informative, BMP tests may not capture 413 

the continuous operation or the effects of chronic toxicity. Therefore, varying co-substrate ratios 414 

in a continuous-stirred tank reactor (CSTR) over the long term can be used to assess co-digestion 415 

and identify optimal co-substrate ratios closer to practical scenarios. 416 

Hydraulic retention time 417 

In CSTR and completely mixed flow reactors, hydraulic retention time (HRT) is 418 

equivalent to solid retention time. It signifies the duration that an equivalent volume of liquid 419 

remains in contact with microorganisms, facilitating reactions and biogas production. A shorter 420 

HRT results in lower degradation, removal efficiency, biogas production, and microbial washout. 421 

Conversely, an excessively long HRT is inefficient due to the lower mass of substrate added to 422 

the system. Therefore, the optimal HRT in a CSTR should be optimized around 15-30 days(Mao 423 

et al., 2015). 424 

pH, Alkalinity, and Volatile fatty acid to alkalinity ratio (VFA/ALK) 425 

System acidification could happen when the system experiences high OLR. This is due to 426 

the optimal pH range of around 5.0ï5.5 for acidogenesis and acetogenesis steps and 6.5ï7.5 for 427 

methanogenesis (Fantozzi & Buratti, 2011; C. Liu et al., 2008). Alkalinity is also a corresponding 428 

factor to maintain pH of the system. In co-digestion, alkalinity is mostly produced by high-429 

nitrogen substrates, such as bicarbonate and ammonium alkalinities (see Chapter 3). The 430 

alkalinity, which indicates buffering capacity to maintain the intermediate acids during 431 

acidogenesis and acetogenesis, was mostly recommended to maintain at 1500ï5000 mgCaCO3/L 432 

(V. T. Nguyen et al., 2019). To ensure the balance of volatile fatty acid and alkalinity, VFA/ALK 433 

with the optimal range of 3.0ï4.0 can be done by three-point titration according to Nordmann 434 

(1977). 435 
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Volatile fatty acids 436 

When methane production is maximized, the efficient conversion of volatile fatty acids 437 

(VFAs) occurs, resulting in very low individual VFA concentrations (<300 mg/L) or even 438 

undetectable levels. However, when the anaerobic digestion system is partially or fully inhibited, 439 

often due to high loading or a high content of the rapidly biodegradable substrate, VFAs from the 440 

acidogenesis and acetogenesis stages can accumulate. Specifically, acetate, propionate, iso-441 

butyrate, butyrate, iso-valerate, and valerate may be detected under inhibited conditions. 442 

Therefore, the accumulation of VFAs, particularly acetate and propionate, may indicate a 443 

decrease in system stability. 444 

To maintain system stability, it is recommended to keep acetate levels below 2000 mg/L 445 

and propionate levels below 1000 mg/L. Monitoring and controlling these VFA concentrations 446 

are crucial indicators for ensuring the efficient and stable operation of anaerobic digestion 447 

systems (Chen et al., 2016; Peng et al., 2018). 448 

1.2.4 Micro -aeration in anaerobic digestion 449 

Microaeration in the SS AD is usually used to mitigate toxic and corrosive hydrogen H2S 450 

(gas) and dissolved sulfide (HS- and H2S), which could cause further damage to the system. 451 

Therefore, microaeration is used to facilitate sulfur/sulfide-oxidizing bacteria (SOB), 452 

chemolithotrophs that are responsible for biologically oxidizing sulfide (HSī) to elemental sulfur 453 

(S0), sulfate (SO4
2-

) and thiosulfate (S2O3
2-

) using oxygen as an electron acceptor  (D. Nguyen & 454 

Khanal, 2018; Vu et al., 2022). Microaeration has been applied in lignocellulosic biomass 455 

anaerobic digestion to enhance the hydrolysis of slowly biodegradable organic substrates and 456 

improve digestor stability by scavenging excess VFAs (D. Nguyen et al., 2019; S. Xu et al., 457 
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2014). During acid fermentation, which includes hydrolysis, acidogenesis, and acetogenesis, 458 

oxygen serves as an electron acceptor for facultative heterotrophs, producing hydrogen and 459 

carbon dioxide. Hydrogenotrophic methanogenesis can then convert these byproducts to methane 460 

(Wu et al., 2021).  461 

In the context of FW anaerobic digestion, microaeration has been reported to enhance the 462 

hydrolysis of carbohydrates and proteins, promoting higher bacterial diversity (S. Xu et al., 463 

2014). Additionally, microaeration improved the conversion of long-chain fatty acids, such as 464 

oleate, to palmitate and increased methane production, with a higher redundancy in facultative 465 

bacteria (Duarte et al., 2018). Despite its promising benefits, the commercial application of 466 

microaeration technology faces challenges related to the automation of microaeration dosages 467 

and real-time process monitoring. These hurdles currently hinder the widespread adoption of 468 

microaeration in anaerobic digestion systems. 469 

1.3 Application of machine learning in anaerobic digestion 470 

Recently, studies have explored the potential application of artificial intelligence (AI) 471 

algorithms in controlling, monitoring, predicting, optimizing anaerobic co-digestion performance, 472 

and automatizing microaeration. For example, a time-series model, a nonlinear autoregressive 473 

network with exogenous inputs (NARX), was successfully applied to predict SS and wheat straw 474 

co-digestion performance based on mixing ratio (Abdel daiem et al., 2022). However, such an AI 475 

model is likely to overfit data due to small data size (24 datasets) and large neurons (16 neurons 476 

in hidden layers).  477 

 Since deep learning (DL) models have more layers corresponding to more intricate 478 

connections between neurons inside layers, they are likely to overcome the overfitting issue 479 
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associated with the time-series learning algorithms. Compared to conventional ML models, the 480 

adaptability of DL models makes them ideal for modeling the co-digestion process due to 481 

sophisticated interactions of co-substrate characteristics and operational parameters on system 482 

stability. Studies have successfully applied DL models for performance prediction based on co-483 

substrates characteristics and digestor operational parameters, such as loading rates, pH, and 484 

retention time (Jeong et al., 2021; Mahmoodi-Eshkaftaki & Ebrahimi, 2021). However, the 485 

application of DL algorithms (e.g, convolutional neural network (CNN), recurrent neural 486 

networks (RNN), long-short-term memory (LSTM)) as time-series models for predicting the 487 

performance of anaerobic co-digestion with microaeration is still limited. 488 

1.4 Objectives and structure of dissertation 489 

The overall objective of this dissertation was to understand the effects of microaeration in 490 

food waste and sewage sludge anaerobic co-digestion while applying machine learning 491 

algorithms as tools for predicting anaerobic co-digestion performance. This dissertation is 492 

divided into six chapters: 493 

Chapter 1: introduce the overview of food waste and sewage sludge as main municipal 494 

organic wastes and discuss the importance of co-digestion in solid waste management scenario 495 

compared to mono-digestion.  496 

Chapter 2: evaluate effects of co-substrate ratios on methane production using multiple 497 

kinetic models to obtain kinetic parameters, as well as calculate biomethane potentials.  498 

Chapter 3: conduct meta-analysis and interpretable machine learning to evaluate effects 499 

of co-substrate ratio, as well as linear and non-linear parameter interactions during co-digestion.  500 
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Chapter 4: evaluate long-term anaerobic co-digestion system performance with 501 

oxidation-reduction potential (ORP)-based microaeration with variations of co-substrates mixing 502 

ratios and organic loading rates. Thereby, employ time-series machine learning algorithms for 503 

performance predictions. 504 

Chapters 5 and 6 suggest engineering implications and further research and draw the 505 

overall conclusion throughout the dissertation.  506 
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CHAPTER 2 KINETIC MODELING OF FOOD WASTE AND SEWAGE SLUDGE 507 

ANAEROBIC DIGESTION  508 

2.1 Introduction  509 

In 2019, approximately 1 billion US tons of food waste were generated, constituting 17% 510 

of the total global food production (UNEP, 2021). In the United States, there are 58 standalone 511 

anaerobic digestion (AD) plants dedicated to digesting food waste (FW), while approximately 512 

133 AD plants co-digest biosolids with various organic waste streams, including high-strength 513 

industrial byproducts or FW. Collectively, these facilities process around 0.1 million US tons of 514 

food waste annually (Jones et al., 2019). In addition to the advantage of utilizing excess capacity 515 

in existing digesters, the co-digestion of food waste (FW) with sewage sludge offers benefits 516 

such as improved methane yields and a synergistic effect. This is attributed to alkalinity 517 

supplementation and the dilution of inhibitory compounds, such as VFA (Karki et al., 2021; Pan 518 

et al., 2019).  519 

The Biochemical Methane Potential (BMP) test serves as a bioassay for evaluating the 520 

biodegradability of feedstocks, aiding in the design of actual anaerobic digestion (AD) plants and 521 

predicting optimal operating parameters (Holliger et al., 2016). Furthermore, kinetic modeling 522 

based on BMP results provides additional insights into substrate biodegradability and limiting 523 

stages, including factors such as lag phase and substrate inhibition (Tsapekos et al., 2018). Many 524 

studies have employed simplified conventional mathematical models (e.g., first order, second 525 

order, Chen and Hashimoto, modified Gompertz, transfer, and cone) to fit experimental data 526 

from both mono- and co-digestion studies (Panigrahi et al., 2020). However, in the case of mono-527 
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digestion with complex organic substrates or co-digestion, it is crucial to consider the presence of 528 

both slow or non-biodegradable and readily biodegradable fractions.  529 

 To address this complexity, co-digestion models that integrate more parameters have 530 

been developed, including superimposed models, modified Gompertz with second order, two-531 

phase exponential, and multi-stage models. These models are particularly valuable when dealing 532 

with components exhibiting different biodegradability patterns, offering a more comprehensive 533 

representation of the anaerobic digestion process. 534 

2.2 Materials and methods 535 

2.2.1 Inocula and substrates collection and preparation 536 

 For one week, FW was collected from University of Hawaiói at MǕnoa cafeteria to 537 

simulate weekly waste generation based on consumer habit. The collected food waste was then 538 

homogenized and sub-sampled. Then, the FW was blended with Vitamix (Vitamix VM0185A, 539 

USA). This blended mixture was then used to filter out food waste particles larger than 5mm. 540 

DSS (mixture of primary and secondary sludge from belt filter) was obtained from Hawaii Kai 541 

wastewater treatment plant, Honolulu, HI, USA. Both FW and DSS after processing were stored 542 

in -20 °C freezer before use to maintain the characteristics of feedstocks.  543 

Inocula for the experiments were comprised of Anaerobically digested cattle manure 544 

(ADCM) and anaerobically digested waste-activated sludge (ADWAS). ADCM was obtained 545 

from two mesophilic vertical anaerobic digesters maintained in the lab for several years, which 546 

were fed with CM and supplied with micro-nutrients. ADWAS was obtained from the mesophilic 547 

AD plant for biosolids treatment in Hawaii Kai wastewater treatment plant, Honolulu, HI, USA. 548 
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The inocula were stored at 4 °C in a walk-in refrigerator before being used within a week to 549 

maintain methanogenic activity as recommended by Astals et al. (2020). The characteristics of 550 

feedstocks and inocula are summarized in Table 2.1. The analyses were performed in triplicates. 551 
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Table 2.1. Feedstocks and inocula characteristics (mean ± SD), n = 3 552 

CP: Coffee pulp; CM: Cattle manure; FW: Food waste; DSS: Dewatered sewage sludge; ADCM: Anaerobically digested cattle 553 

manure; ADWAS: Anaerobically digested waste activated sludge; TS: Total solids; VS: Volatile solids; TC: Total carbon; TN: Total 554 

nitrogen; C/N ratio: Total carbon/Total nitrogen ratio; SD: Standard deviation; N/A: Not applicable; n.a.: Not analyzed.555 

Parameter Unit CP CM FW DSS ADCM ADWAS 

TS %, wet basis 6.74 ± 0.07 15.36 ± 0.07 27.55 ± 0.08 8.68 ± 0.12 3.42 ± 0.01 3.08 ± 0.01 

VS %, TS 95.37 ± 0.07 82.84 ± 0.25 94.96 ± 0.11 80.49 ± 0.16 72.75 ± 0.09 64.24 ± 0.11 

pH N/A 3.74 ± 0.05 6.98 ± 0.05 4.10 ± 0.00 6.43 ± 0.02 8.06 ± 0.03 8.00 ± 0.05 

TC %, dry basis 44.90 ± 0.63 40.27 ± 0.25 51.88 ± 0.31 38.43 ± 0.05 n.a. n.a. 

TN %, dry basis 1.64 ± 0.10 1.32 ± 0.11 3.09 ± 0.12 7.45 ± 0.03 n.a. n.a. 

C/N ratio N/A 27.44 ± 1.81 30.66 ± 2.66 16.81 ± 0.56 5.16 ± 0.01 n.a. n.a. 

Cellulose %, dry basis 29.63 ± 0.75 20.95 ± 0.73 n.a. n.a. n.a. n.a. 

Hemicellulose %, dry basis 4.25 ± 0.77 18.29 ± 0.90 n.a. n.a. n.a. n.a. 

Lignin %, dry basis 21.15 ± 0.74 15.17 ± 0.64 n.a. n.a. n.a. n.a. 
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2.2.2 Biochemical methane potential test 556 

 Batch assays were conducted to determine the maximal specific methane yield (SMY) 557 

of co-feedstocks using five different mixing ratios (1:0, 4:1, 2:1, 4:3, 0:1) based on volatile solids 558 

(VS). Each set of experiments was further divided into two subsets based on the type of 559 

inoculum used, either Anaerobic Digestate from Co-Digestion of Municipal Solid Waste (ADCM) 560 

or Anaerobic Digestate from Wastewater Treatment Sludge (ADWAS). For the Biochemical 561 

Methane Potential (BMP) test, 250-mL serum bottles with a working volume of 180 mL were 562 

employed, with an inoculum to substrate ratio (ISR) of 1.0 (on a VS basis).  563 

 The volatile solids concentration in the substrate mixture was adjusted to 1.5% by 564 

adding ultrapure water (ELGA LabWater North America, PURELAB flex 3, USA). The serum 565 

bottles were sealed with a screw cap and a rubber septum. To ensure anaerobic conditions, the 566 

headspace was flushed with N2 gas, following the recommendations of Holliger et al. (2016). 567 

The bottles were continuously agitated at 120 rpm and maintained under anaerobic conditions at 568 

37±1 oC. A 0.5-L Tedlar bag (CEL Scientific Corporation, Tedlar bag, USA) was connected to 569 

each bottle for biogas collection. The BMP tests were concluded when the daily biogas 570 

production fell below 1% of the cumulative biogas production, typically around 35 days. Blank 571 

assays, consisting only of inoculum, were included to account for the background methane 572 

potential from the inoculum. All experiments were performed in triplicate to ensure reliability 573 

and consistency of the results. 574 

2.2.3 Analytical methods 575 

 The determination of Total Solids (TS) and Volatile Solids (VS) in the feedstocks was 576 

conducted following the procedures outlined in Standard Methods (APHA, 2017). Total carbon 577 
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and total nitrogen analyses were performed using high-temperature combustion with isotope 578 

ratio mass spectrometry (IRMS) (Costech, Elemental Analyzer, USA). pH measurements were 579 

obtained using a titrator (Hach, TitraLab AT1000, USA) equipped with a pH probe (PHC805). 580 

The fiber compositions of the feedstocks, including Neutral Detergent Fiber (NDF), Acid 581 

Detergent Fiber (ADF), and Acid Detergent Lignin (ADL), were analyzed in accordance with the 582 

methods described in AOAC (2006). Cellulose and hemicellulose content were calculated using 583 

the following equations: cellulose = ADF ï ADL, and hemicellulose = NDF ï ADF. 584 

The volume of daily biogas production was quantified using a Ritter Drum Type Gas 585 

Meter (Ritter, TG 0.5/5, Germany). The composition of the biogas was analyzed using gas 586 

chromatography equipped with a thermal conductivity detector (GC-TCD) (Agilent, 490 Micro 587 

GC System, USA). Biogas volumes were normalized to standard temperature (273 K) and 588 

pressure (1 atm) and reported as NmL. 589 

2.2.4 Co-digestion performance index calculation 590 

The co-digestion performance index (CPI) or synergistic index was calculated to evaluate 591 

the synergistic effect of co-digestion for varying feedstock mixing ratios (Eq. 2.1) (Ebner et al., 592 

2016). The index was determined as the ratio of observed to expected methane yields. The 593 

expected methane yield of a mixture was estimated as the weighted average of methane yields 594 

from mono-digestion of individual feedstocks. CPI values depict the possible interactions in co-595 

digestion processes: antagonistic (CPI < 0.9), additive (0.9 Ò CPI Ò 1.1), and synergistic (CPI > 596 

1.1). 597 

CPI = ȡ

Ͻ Ͻ
               (2.1) 598 
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BMPA:B is the biomethane potential of substrate A and B co-digestion. BMPA and BMPB are 599 

biomethane potential of substrate A and B mono-digestions. CRA and CRB are co-substrate ratios 600 

in fractions. 601 

2.2.5 Kinetic models 602 

Various kinetic models that have been applied for kinetic analysis studies for AD and 603 

AcoD were selected to fit the cumulative methane yield data. By modeling the parameters after 604 

fitting the cumulative methane production data, we can gain insights into the degradability of a 605 

substrate mixture using specific inoculum. The models in this study were adapted to evaluate 606 

methane production instead of biogas production.  607 

First-order kinetic model 608 

This is the most widely used model when hydrolysis is the rate-limiting step in AD 609 

process, especially for lignocellulosic biomass. 610 

G = G
0
Ā[1-e-Ët                 (2.2) 611 

where, G: Cumulative methane yield at digestion time t (mL/g VSadded);  612 

G0: Specific methane yield of substrates (mL/g VSadded);  613 

k: Methane production rate constant (first order disintegration rate constant) (1/day);  614 

t: Time (days). 615 
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In this model, k describes the rates of degradation and methane production; hence, high k 616 

corresponds to high rates of degradation and methane production (Mao et al., 2017). 617 

Modified Gompertz model 618 

This model is used when inhibition is observed in the AD assuming methane production 619 

reflects bacterial growth (Mao et al., 2019). It allows us to indicate the lag phase (‗) in which 620 

anaerobes adapt to the new substrate. The modified Gompertz model is given by:  621 

' '
π
ϽÅ-Å

2ÍϽÅ

'π
ʇ - Ô  ρ               (2.3) 622 

where, G: Cumulative methane yield (mL/g VSadded) over time t ;  623 

G0: Specific methane yield of substrates (mL/g VSadded);  624 

Rm: Maximum methane production rate (mL/g VSadded/d);  625 

‗: Lag phase (days);  626 

t: Time (days). 627 

Chen and Hashimoto model 628 

This model is considered reliable, particularly when applied for the prediction of 629 

feedstocks that contain a substantial amount of total solids content, (Kafle & Chen, 2016), with a 630 

prediction of digestion time. 631 

'  '
π
Ͻρ-

Ë#(

(24ϽʈÍ Ë#(
-ρ                (2.4) 632 
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G: Cumulative methane yield at digestion time t (mL/g VSadded);  633 

G0: Specific methane yield of substrates (mL/g VSadded);  634 

kCH: Chen and Hashimoto constant (dimensionless);  635 

ɛm: Maximum specific growth rate of microorganisms (1/day);  636 

HRT: Digestion time or hydraulic retention time (days). 637 

Transfer model 638 

Transfer model is derived from the first-order kinetic model by substituting the kinetic 639 

constant with the ratio of the maximum methane production rate to the methane potential of the 640 

substrate. This adjustment allows for a more specific and informative analysis of the anaerobic 641 

digestion process (Zahan, Othman, et al., 2018). 642 

G = G
0
Ā1-e

-Rm

G
0

(t-ɚ)                (2.5) 643 

In this model, G: Cumulative methane yield (mL/g VSadded);  644 

G0: Specific methane yield of substrates (mL/g VSadded);  645 

Rm: Maximum methane production rate (mL/g VSadded/d);  646 

‗: Lag phase (days);  647 

t: Time (days). 648 

  649 
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Cone model 650 

The cone model is an empirical model developed to assess methane production from 651 

specific substrates in the presence of ruminal microorganisms (Lima et al., 2018). This model 652 

provides a means to determine both the specific methane production rate and the maximum 653 

cumulative methane production. Additionally, it offers insights into the behavior of methane 654 

production by introducing a shape factor (n), which is used to indicate the presence or absence of 655 

a lag phase in the methane production process. 656 

G = 
G0

1+kt-n
                  (2.6) 657 

where, G: Cumulative methane yield (mL/g VSadded); G0: Specific methane yield of substrates 658 

(mL/g VSadded); k: Cone kinetic constant (1/day); n: Shape factor (dimensionless) [value that is 659 

affected by an object's shape but is independent of its dimensions]; t: Time (days). 660 

Superimposed model 661 

Superimposed model was developed by combining the first-order kinetic model with the 662 

modified Gompertz model. This model assumes that during the digestion of specific feedstocks, 663 

two distinct peaks in methane production exist. The first peak is associated with the rapid 664 

utilization of easily biodegradable substrates, while the second peak corresponds to the 665 

utilization of poorly degradable substrates. This model provides a more detailed understanding of 666 

the complex methane production dynamics in anaerobic digestion systems (Wang et al., 2020). 667 

'='0ρ1-e-kĀt+ '0ςĀe-e
RmĀe

0ς
Āɚ-t+1          (2.7) 668 
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where, G01: Maximum specific methane yield from the easily biodegradable substrates (mL/g 669 

VSadded);  670 

G02: Maximum specific methane yield from the poorly biodegradable substrates (mL/g VSadded); 671 

k: Biogas or methane production rate constant (first order disintegration rate constant) (1/day); 672 

Rm: Maximum methane production rate (mL/g VSadded/d);  673 

ɚ: Lag phase (days);  674 

t: Time (days). 675 

Modified Gompertz with second-order equation 676 

This model was developed by integrating the second-order kinetic model with a modified 677 

Gompertz model. The Gompertz model was adapted to better describe the methane production 678 

dynamics observed in anaerobic co-digestion processes, which often exhibit two distinct stages 679 

of methane production (Masih-Das & Tao, 2018). 680 

 G='0ρ
t

Ë+t
+ '0ςĀe-e

RmĀe

0ς
Āɚ-t+1            (2.8) 681 

where, G: Specific methane yield at t (mL/g VS);  682 

G01 and G02: Specific methane yields at the first and second stages (mL/g VS);  683 

Rm: Maximum specific methane production rate (mL/g VS/d);  684 

k: First-stage half saturation time (day);  685 

ɚ: Lag phase (days),  686 
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t: Time (days). 687 

Two-phase exponential model 688 

The two-phase exponential model is used to describe the biogas production behavior in 689 

multiple stages. This model assesses the substrate conversion to biogas separately for each of 690 

these phases (Lima et al., 2018). 691 

G ='011-e(-k1Āt)+ G021-e(-k2Āt)            (2.9) 692 

where, G01: Specific methane yield in first phase (mL/g VS);  693 

G02: Specific methane yield in second phase (mL/g VS);  694 

k1 and k2: Kinetic rate constant for first phase and second phase (1/day);  695 

t: Time (days). 696 

Multi -stage model 697 

In contrast to the two-phase model, the multi-stage model takes into account the 698 

interactions between each stage to calculate the total biogas production. This model illustrates 699 

the behavior of biogas production, considering various substrates, stages, and how they interact 700 

with one another (Lima et al., 2018). 701 

P =AS1-e(-k1Āt)+AI1-e(-k2Āt)+AIS1-
k2Āe(-k1Āt)

k2-k1
-
k1Āe(-k2Āt)

k1-k2
       (2.10) 702 

where, AS, AI, AIS: Accumulated specific methane yield in each stage (mL/g VS);  703 
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k1 and k2: Kinetic rate constants in each stage (1/day);  704 

t: Time (days). 705 

The unknown parameters for all the previously mentioned models were estimated 706 

through a non-linear regression process using the Solver tool within the Microsoft Excel program. 707 

The selected parameter values were determined based on minimizing the sum of the squares of 708 

the differences between the predicted and experimental values of cumulative specific methane 709 

production. This approach was used to optimize the models and make them as accurate as 710 

possible in describing the actual methane production data. 711 

2.2.5 Models evaluation 712 

The prediction performance of the kinetic models to describe the methane production was 713 

evaluated using the coefficient of determination (R2), adjusted R2 (R2 Adj), root mean square 714 

error (RMSE), and Akaikeôs information criterion (AIC).   715 

2.2.6 Statistical analysis 716 

The cumulative specific methane yields were analyzed using factorial design. Two-way 717 

analysis of variance (ANOVA) followed by Tukeyôs honestly significant difference (HSD) for 718 

multiple comparison test (p<0.05) were conducted. All statistical analysis was performed with R 719 

statistical package (RStudio, R studio v.1.2.5033, USA) 720 
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2.3 Results and discussion 721 

2.3.1 Biomethane potentials 722 

ADWAS resulted in significantly higher SMY than ADCM (p<0.001), which could be 723 

because of better adaptability of ADWAS inoculum to degrade diverse organic wastes (Lima et 724 

al., 2018). Compared with the ADWAS from the AD plant that has been operated with different 725 

loadings, longer operation times, and larger volumes, ADCM should have a lower microbial 726 

population and abundance. In addition to this, the SMYs of different mixing ratios were 727 

significantly different (p<0.001). SMYs of FW mono-digestion (559±22 and 627±7 mL/g VSadded 728 

for ADCM and ADWAS, respectively) were the highest within the inoculum group and were in 729 

the range of SMYs for FW, as mentioned in (Karki et al., 2021). Compared with SS (244±8 and 730 

250±3 mL/g VSadded for ADCM and ADWAS, respectively), food waste has higher SMY, which 731 

might be due to higher lipid and carbohydrate contents in food waste (Elalami et al., 2019). 732 

Higher FW to DSS ratio resulted in higher SMY due to the abundance of readily biodegradable 733 

organic matter in FW. Therefore, compared to mono-digestion of DSS, SMYs increased 82% for 734 

ADCM and 84% for ADWAS at FW:DSS = 4:1. For ADCM, SMYs are not significant 735 

difference for FW:DSS = 1:0 and 4:1, and 2:1 and 4:3. As well as FW:DSS ratios of 2:1 and 4:3 736 

for ADWAS. 737 

In all the SMY results, regardless of mono-substrate or co-substrate, ADWAS inoculum 738 

showed higher SMYs (p<0.05) compared to ADCM. In addition, all AcoD samples showed 739 

additive interaction (CPI = 0.9-1.1), which is similar to those reported in other studies (Gu et al., 740 

2020; Koch et al., 2016; C. C. Liu et al., 2016). Therefore, the inferences from these results were 741 

1) higher SMY does not necessarily assure synergistic effects and 2) FW:DSS AcoD without 742 
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antagonistic interaction any feedstocks mixing ratio > 4:3 (VS basis) based on the co-feedstock 743 

ratios studied. Noteworthy, as discussed by Koch et al., (2020), BMP tests should not be 744 

considered to analyze any synergistic or antagonistic effect and the BMP of co-digestion since 745 

BMP of CoD should be close to the weighted average of individual substrates and BMP tests 746 

does not represent the continuous operation. 747 

 748 

Figure 2.1 Specific methane yields for co-digestion of FW and DSS FW: Food waste; DSS: 749 

Dewatered sewage sludge; ADCM: Anaerobically digested cattle manure; ADWAS: 750 

Anaerobically digested waste activated sludge. The co-digestion mixing ratios mentioned in the 751 

figure are based on volatile solids (VS). The letters denote statistical significance at p < 0.05. 752 

ñReprinted from Bioresource Technology, 343, Renisha Karki, Wachiranon Chuenchart, K.C. 753 

Surendra, Shihwu Sung, Lutgarde Raskin, Samir Kumar Khanal, Anaerobic co-digestion of 754 

various organic wastes: Kinetic modeling and synergistic impact evaluation, 126063, Copyright 755 

(2023), with permission from Elsevierò 756 

2.3.2 Kinetic model evaluation 757 

Kinetic models are not beneficial only to identify the rate of methane production or 758 

biodegradability of substrate for a particular inoculum, based on their adaptations, they could be 759 
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used to identify lag phase, acute toxicity, and kinetic parameters for the process optimization or 760 

modeling (Batstone et al., 2015; Koch et al., 2020; Tsapekos et al., 2018). Kinetic parameters 761 

from modified Gompertz, Chen and Hashimoto, first-order, transfer, cone, superimposed, 762 

modified Gompertz with second-order equation, two-phase exponential, and multi-stage models 763 

were retrieved from training models to BMP test datasets. The kinetic models were evaluated 764 

based on the prediction performance indicators (R2 Adj, RMSE, and AIC). 765 

All models resulted in good prediction performance with R2 Adj > 0.89 as depicted in 766 

Figure 2.3 and Table 2.2. In both mono-digestion (FW and DSS) and AcoD (FW:DSS) groups, 767 

co-digestion models fit the results better compared with mono-digestion models based on (Table 768 

2.3). For mono-digestion kinetic models, cone model performed the highest accuracy (avg. R2 769 

Adj = 0.9929 and avg. RMSE = 11.27), followed by the modified Gompertz model (0.9618 and 770 

21.37), and transfer model (0.9616 and 27.58). For co-digestion kinetic models, superimposed 771 

model performed the highest accuracy (0.9954 and 6.71), followed by modified Gompertz with 772 

second-order model (0.9949 and 7.27), and multi-stage model (0.9859 and 12.38). In both 773 

ADCM and ADWAS, superimposed, modified Gompertz with second-order showed similar 774 

accuracy with avg. R2 Adj = 0.9936 and 0.9929 (avg. RMSE = 7.53 and 8.35) for ADCM and 775 

avg. R2 Adj = 0.9973 and 0.9970 (avg. RMSE = 5.90, 6.19) for ADWAS since they are originally 776 

adapted from modified Gompertz model to described  readily and slowly biodegradable fractions 777 

of feedstocks (Masih-Das and Tao, 2018; Wang et al., 2020). The only difference is that 778 

superimposed model incorporated first-order model instead of modified Gompertz model for the 779 

rapidly biodegradable components. The average AIC values of 56.52-59.30 for the three best-fit 780 

models (Cone, superimposed, and modified Gompertz models) assured their higher accuracies 781 

compared with others (68.13-78.06). This higher accuracy also supported by lower percent 782 
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differences (< 10%) for all of them except modified Gompertz model with second order for 783 

ADCM. 784 

It can be broadly observed that the trends of higher food waste content caused 1) lower k 785 

values in first-order and superimpose models, 2) longer lag phase in modified Gompertz and 786 

transfer models, 3) higher n in cone model, which indicate that higher food waste content leads 787 

to longer adaptation phase and slower hydrolysis the exponential phase. The higher kinetic 788 

constants (k) of the first-order model ADWAS (0.07-0.19) than ADCM (0.05-0.11) as well as 789 

higher shape factor (n) of Cone model, indicated higher hydrolytic activity in ADWAS, 790 

corresponding to higher SMYs for ADWAS. This aligns with the SMYs results that the microbial 791 

activity is higher in ADWAS. For modified Gompertz model, higher FW content leads to a 792 

prolonged lag phase, which could be to some extent about a variation of polymers and substrate 793 

complexity in food waste. In addition it could be due to initial VFA accumulation as reported 794 

similar observation with FW > 50% VS in Pan et al. (2019). However, the effect of FW content 795 

was not consistent in most co-digestion, even though higher fitness was observed by R2 Adj, and 796 

RMSE. This could be due to its complexity of variables since they were designed for two-stage 797 

degradation (two peaks in daily SMY plots), which were not observed in this study. Therefore, 798 

setting empirical and theoretical boundaries and better training algorithms are necessary to 799 

improve predictability as well as interpretation. 800 

  801 
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Table 2.2 Summary of kinetic analysis using different models for co-digestion of food waste and 802 

dewatered sewage sludge at different ratios. 803 

Parameter Unit ADCM  ADWAS 

FW:DSS  1:0 4:1 4:2 4:3 0:1 1:0 4:1 4:2 4:3 0:1 

 mL/g 

VSadded 

795.04 707.11 678.43 601.58 298.18 886.52 770.73 683.35 627.01 312.68 

 mL/g 

VSadded 

21.41 23.93 23.35 14.47 11.70 6.89 16.80 13.00 20.59 2.62 

G0 mL/g 

VSadded 

558.63 510.36 497.10 443.59 244.39 626.82 552.26 490.69 459.60 250.19 

  mL/g 

VSadded 

22.39 18.93 16.28 11.43 8.46 6.72 11.50 9.89 14.15 3.39 

First order model 

G0 mL/g VS 635.80 537.83 511.02 455.99 239.79 691.33 593.75 515.13 480.58 236.15 

 

% 

difference 

13.81 5.38 2.80 2.80 1.88 10.29 7.51 4.98 4.57 5.61 

K 1/day 0.05 0.07 0.08 0.09 0.11 0.07 0.08 0.10 0.11 0.19 

R2 - 0.9800 0.9884 0.9829 0.9839 0.9788 0.9672 0.9667 0.9712 0.9702 0.9878 

R
2 
Adj - 0.9743 0.9850 0.9780 0.9793 0.9727 0.9579 0.9572 0.9630 0.9617 0.9743 

RMSE - 31.18 21.42 25.23 22.02 12.59 47.43 41.17 33.33 31.89 8.54 

AIC - 74.51 67.00 70.27 67.55 56.38 82.90 80.07 75.84 74.96 48.62 

Modified Gompertz model 

G0 mL/g VS 496.11 461.48 453.62 414.34 213.21 623.80 547.80 485.23 454.63 218.07 

 

% 

difference 

11.19 9.58 8.75 6.59 12.76 0.48 0.81 1.11 1.08 12.84 

Rm 

mL/g 

VS/d 

54.35 46.07 50.31 41.25 31.95 48.64 52.50 51.99 48.84 42.74 

ɚ day 4.57 2.92 2.37 1.85 2.05 2.69 2.62 2.00 1.57 0.46 
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R2 - 0.9446 0.9671 0.9752 0.9849 0.9578 0.9991 0.9937 0.9964 0.9966 0.9300 

R
2 
Adj - 0.9168 0.9507 0.9629 0.9773 0.9367 0.9987 0.9905 0.9945 0.9949 0.8949 

RMSE - 48.60 33.10 27.84 19.32 17.11 7.40 17.80 12.59 9.93 20.04 

AIC - 87.67 79.99 76.53 69.23 66.79 50.03 67.59 57.66 55.91 69.95 

Chen and Hashimoto model 

G0 mL/g VS 857.81 696.30 640.27 567.35 290.60 903.03 753.02 629.74 582.87 269.43 

 

% 

difference 53.56 36.43 28.80 27.90 18.91 44.07 36.35 28.34 26.82 7.69 

KCH - 22.40 22.25 18.39 18.31 19.40 17.04 17.12 16.98 16.13 121.56 

ɛm 1/day 0.97 1.43 1.60 1.71 2.33 1.08 1.40 1.93 1.99 30.48 

HRTcrit day 1.03 0.70 0.63 0.59 0.43 0.92 0.71 0.52 0.50 0.03 

R2 - 0.9768 0.9834 0.9748 0.9738 0.9737 0.9541 0.9484 0.9478 0.9455 0.9980 

R
2 
Adj - 0.9652 0.9751 0.9622 0.9607 0.9605 0.9312 0.9226 0.9218 0.9182 0.9652 

RMSE - 30.10 22.79 27.69 25.30 13.36 50.59 47.07 41.42 39.72 3.37 

AIC - 78.09 72.53 76.42 74.62 61.85 88.48 87.03 84.47 83.64 34.28 

Transfer model 

G0 mL/g VS 524.58 504.39 496.05 457.32 231.16 687.01 588.67 522.93 492.33 239.19 

 

% 

difference 

6.09 1.17 0.21 3.10 5.41 9.60 6.59 6.57 7.12 4.39 

Rm 

mL/g 

VS/d 

54.35 46.07 50.31 41.25 31.95 48.64 52.50 51.99 48.84 42.74 

ɚ day 1.76 1.05 0.79 0.45 0.64 0.87 0.76 0.31 0.17 0.00 

R2 - 0.9603 0.9838 0.9838 0.9845 0.9753 0.9700 0.9695 0.9685 0.9627 0.9880 

R
2 
Adj - 0.9366 0.9758 0.9757 0.9768 0.9629 0.9550 0.9542 0.9528 0.9440 0.9820 

RMSE - 45.79 23.01 22.27 19.54 13.05 41.02 36.23 32.45 33.31 9.08 

AIC - 79.64 72.72 72.07 69.45 61.38 84.28 81.80 79.60 80.12 54.12 

Cone model 
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G0 mL/g VS 595.89 536.87 504.12 450.20 241.42 649.31 573.50 502.29 468.20 262.29 

 

% 

difference 

6.67 5.19 1.41 1.49 1.21 3.59 3.85 2.36 1.87 4.84 

k 1/day 0.082 0.102 0.128 0.134 0.159 0.107 0.123 0.152 0.160 0.260 

n  1.855 1.710 1.872 1.908 1.729 2.404 2.336 2.354 2.404 1.096 

R2 - 0.9942 0.9974 0.9958 0.9971 0.9899 0.9981 0.9926 0.9944 0.9945 0.9985 

R
2 
Adj - 0.9912 0.9962 0.9937 0.9957 0.9849 0.9971 0.9890 0.9916 0.9917 0.9978 

RMSE - 15.13 8.98 11.35 8.41 8.32 11.27 18.56 14.45 13.27 2.92 

AIC - 64.34 53.91 58.59 52.59 52.38 58.45 68.42 63.42 61.70 31.44 

Superimposed model 

P1max mL/g VS 0.00 370.24 331.81 286.17 150.06 6.92 167.66 275.48 271.16 153.58 

P2max 
mL/g VS 

542.09 187.19 189.99 171.43 101.44 

619.69 

 

384.06 216.03 189.12 94.29 

 % 

difference 2.96 9.22 4.97 3.16 2.91 0.03 0.10 0.17 0.15 0.92 

Rm mL/g 

VSadded/d 28.91 25.95 38.60 32.12 30.47 45.77 37.10 37.63 40.35 38.94 

k day 1.45 0.04 0.06 0.06 0.06 49.97 0.18 0.13 0.13 0.10 

ɚ day 1.95 3.10 3.30 3.19 2.72 2.57 4.30 4.58 4.73 0.42 

R2 - 0.9886 0.9988 0.9995 0.9994 0.9994 0.9997 0.9977 0.9987 0.9986 0.9993 

R
2 
Adj - 0.9744 0.9972 0.9990 0.9986 0.9986 0.9992 0.9949 0.9971 0.9968 0.9744 

RMSE - 21.55 6.26 3.79 3.89 2.16 4.51 9.92 6.58 6.50 1.98 

AIC - 86.41 61.69 51.65 52.14 40.37 55.14 70.89 62.67 62.44 38.64 

Modified Gompertz with second order equation model 

Ym1 mL/g VS 0.00 505.77 412.77 323.13 202.88 49.09 108.90 197.87 189.55 243.19 

Ym2 mL/g VS 542.09 247.13 243.42 225.77 95.61 584.37 451.92 312.34 289.00 27.24 

 

% 

difference 2.96 47.52 32.00 23.74 22.14 1.06 1.55 3.98 4.12 8.09 
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Rm 

mL/g 

VS/d 28.91 28.16 39.24 32.91 28.64 44.05 41.82 42.94 43.24 66.15 

K day 0.00 44.37 29.38 22.22 18.15 6.39 3.11 4.77 4.82 4.74 

ɚ day 1.95 2.49 2.78 2.61 2.87 2.82 3.48 3.73 3.61 1.48 

R2 - 0.9886 0.9983 0.9989 0.9988 0.9996 0.9996 0.9974 0.9984 0.9981 0.9997 

R
2 
Adj - 0.9744 0.9962 0.9975 0.9974 0.9990 0.9992 0.9942 0.9965 0.9957 0.9744 

RMSE - 21.55 7.28 5.85 5.35 1.72 4.47 10.52 7.16 7.47 1.33 

AIC - 86.41 64.69 60.34 58.54 35.83 54.94 72.07 64.37 65.20 30.65 

Two-phase exponential model 

P01 mL/g VS 217.76 153.76 142.31 127.03 119.72 313.41 154.60 158.17 134.37 99.70 

P02 mL/g VS 418.04 384.07 368.71 328.96 120.07 313.41 439.14 356.95 346.20 154.46 

 

% 

difference 13.81 5.38 2.80 2.80 1.88 0.00 7.51 4.98 4.56 1.59 

k1 day-1 0.047 0.066 0.083 0.088 0.108 0.078 0.081 0.105 0.111 0.059 

k2 day-1 0.047 0.066 0.083 0.088 0.108 0.078 0.081 0.105 0.111 0.333 

R2 

 

0.9800 0.9884 0.9829 0.9839 0.9788 0.9711 0.9667 0.9712 0.9702 0.9986 

R
2 
Adj - 0.9640 0.9790 0.9692 0.9710 0.9618 0.9481 0.9401 0.9482 0.9463 0.9640 

RMSE - 31.18 21.42 25.23 22.02 12.59 52.32 41.17 33.33 31.89 2.81 

AIC   84.80 77.28 80.56 77.84 66.67 95.15 90.36 86.13 85.25 36.64 

Multi -stage model 

AS mL/g VS 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.00 31.03 

A I mL/g VS 0.00 9.26 3.41 0.00 4.06 0.00 0.00 0.00 0.00 193.61 

A IS mL/g VS 564.47 499.15 484.30 436.88 228.69 639.69 562.05 493.94 461.50 16.21 

 

% 

difference 1.05 0.38 1.89 1.51 4.76 2.05 1.77 0.67 0.41 3.73 

k1 day-1 0.291 0.516 0.531 0.523 0.889 0.179 0.207 0.255 0.270 1.000 

k2 day-1 0.088 0.095 0.123 0.132 0.140 0.179 0.207 0.257 0.270 0.156 
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R2 - 0.9938 0.9966 0.9937 0.9952 0.9855 0.9968 0.9938 0.9948 0.9943 0.9928 

- - 0.9860 0.9923 0.9857 0.9892 0.9674 0.9928 0.9860 0.9883 0.9873 0.9837 

RMSE - 15.69 10.38 14.08 10.94 9.96 13.80 16.38 13.10 12.82 6.63 

AIC - 80.06 71.80 77.90 72.84 70.98 77.50 80.92 76.45 76.01 62.84 

The table represents summary of kinetic analysis at different mixing ratios (1:0. 4:1, 2:1, 4:3, and 0:1) and 804 

different inocula for mono-digestion and co-digestion of food waste and dewatered sewage sludge. 805 

ADCM: Anaerobically digested cattle manure; ADWAS: Anaerobically digested waste activated sludge;  806 

 807 
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 808 

Figure 2.3 Fitting BMP data of co-digestion of food waste and dewatered sewage sludge 809 

(FW:DSS) to kinetic models. ADCM: Anaerobically digested cattle manure; ADWAS: 810 

Anaerobically digested waste activated sludge. The markers indicate BMP experimental data and 811 

lines indicate mode prediction. ñReprinted from Bioresource Technology, 343, Renisha Karki, 812 

Wachiranon Chuenchart, K.C. Surendra, Shihwu Sung, Lutgarde Raskin, Samir Kumar Khanal, 813 

Anaerobic co-digestion of various organic wastes: Kinetic modeling and synergistic impact 814 

evaluation, 126063, Copyright (2023), with permission from Elsevierò 815 
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2.4 Conclusion 816 

Food waste content in AcoD resulted in higher SMY, indicating higher biodegradability during 817 

co-digestion. However, lower kinetic constants and longer lag phases indicate a lower 818 

degradation rate and lower adaptability of the inoculum due to its variation of substrates and 819 

initial VFA inhibition. ADWAS has proved to be a better inoculum compared with ADCM for 820 

all samples. Additionally, substantial synergistic or antagonistic effects do not appear in all the 821 

mixing ratios. In comparison, co-digestion models showed better accuracy than the conventional 822 

mono-digestion models. 823 

  824 
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CHAPTER 3 META-ANALYSIS AND MACHINE LEARNING MODELING OF  825 

ANAEROBIC CO -DIGESTION  826 

3.1 Introduction  827 

Anaerobic co-digestion (AcoD) has been widely employed for organic waste 828 

management and energy recovery. AcoD offers several benefits, including enhanced digestibility, 829 

higher buffering capacity, and better nutrient balance, among others. These benefits contribute to 830 

greater process stability, higher biomethane yield, and improved digestate quality compared to 831 

anaerobic mono-digestion (Karki et al., 2021; Mata-Alvarez et al., 2014). When co-substrates are 832 

properly selected based on their spatial and temporal availability and characteristics, AcoD 833 

ensures year-round feedstock availability and minimizes transportation and storage periods. 834 

AcoD has also garnered traction within wastewater-solid waste treatment nexus since AcoD is a 835 

promising approach for sustainable resource recovery. For instance, in the United States, food 836 

waste (FW) AcoD with either animal manure (AM) (on-farm digesters) or wastewater solids in 837 

water resource recovery facilities (WRRF) has increased from 123 plants in 2015 to 207 plants 838 

by 2021 (Schroeder, 2023). FW:AM AcoD could reduce greenhouse gas emissions by 71% 839 

compared to mono-digestion (Ebner et al., 2015; Hodge et al., 2016).  840 

Performance of AcoD process is governed by operational parameters and co-substrate 841 

characteristics. Although a stoichiometric carbon-to-nitrogen (C/N) ratio range of 20ī30 has 842 

conventionally been used to determine the co-substrate ratio (CR, % volatile solids (VS) basis), 843 

this criterion alone may not ensure system stability. Indeed, the optimal CR for methane 844 

production depends on intrinsic substrate properties, including macromolecular and fiber 845 

compositions, nutrient contents, as well as presence or generation of potential inhibitors, such as 846 
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long-chain fatty acids (LCFAs), sulfide, ammonia, humic acid, and dissolved lignin (Amha et al., 847 

2018; M. Jiang et al., 2022; K. Liu et al., 2015; Monlau et al., 2012). As a result, studies have 848 

suggested the optimal C/N (C/NOpt) for certain co-substrates out of the stoichiometric C/N range, 849 

including sewage sludge (SS):onion juice (C/NOpt = 15) (Romano & Zhang, 2008), SS:shreaded 850 

grass (C/NOpt = 10) (F. Wang et al., 2014), and Sida hermaphrodita:microalgae (C/NOpt = 15ī21) 851 

(Dňbowski et al., 2017). While the optimal C/N ratio is typically associated with achieving 852 

digester stability and enhanced methane yield, it is important to point that the co-substrates can 853 

result various effects, including synergistic (Guilford et al., 2019; Mu et al., 2020; Wongarmat et 854 

al., 2022), antagonistic (Moretta et al., 2022; Pages-Diaz et al., 2015), neutral (Karki et al., 2022; 855 

Kim et al., 2019; Valenti et al., 2018), or mixed effects (Vivekanand et al., 2018), on AcoD 856 

performance. Moreover, interactions of co-substrates metabolites, chronic toxicity, and system 857 

stability necessitate comprehensive evaluation through long-term continuous studies, which 858 

require digester operation up to three hydraulic retention times (3-HRTs) to achieve steady states. 859 

Most AcoD studies aiming to maximize system performance by CR optimization focused on 860 

different organic loading rates (OLRs), leading to contradictory and ambiguous outcomes that 861 

require further interpretation (Joute et al., 2016; Rodríguez-Abalde et al., 2017). This necessitates 862 

data curation to comprehend the various AcoD studies. 863 

Recently, the effects of AcoD on system performance and digestate utilization have been 864 

summarized in several narrative reviews (Hagos et al., 2017; Karki et al., 2021; Mata-Alvarez et 865 

al., 2014). However, this approach is inadequate to comprehend several studies that explored the 866 

AcoD system performance. The narrative review approach is useful for exploring the 867 

development of particular ideas but is inefficient in transparently and objectively identifying and 868 

summarizing evidence, ensuring reproducibility, and minimizing biases (Gurevitch et al., 2018). 869 
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Meta-analysis involves statistically analyzing outcomes from multiple studies addressing the 870 

same question, thereby deriving pooled estimated effects of each treatment compared to the 871 

control (Dean & Mitchell, 2022; Gurevitch et al., 2018; G. Ma et al., 2022). In this context, the 872 

system performance, particularly specific methane yield (SMY), from AcoD of different co-873 

substrates can be compared with that from mono-digestion. For example, Ma et al. ( 2020) 874 

conducted a meta-analysis to investigate the effects of AM AcoD on SMY based on the 875 

percentage of AM, substrate concentrations (g VS/L), C/N ratio, OLR, and HRT. In another 876 

study, a meta-analysis method was applied to scrutinize the synergistic effects of livestock 877 

manure AcoD with crop residues, kitchen waste, and microalgae (J. Zhou et al., 2021). While 878 

both studies provided statistical evidence of synergistic effects and benefits of AcoD, neither 879 

study fully analyzed any parameter interactions nor provided implications of AcoD with 880 

continuous operation.  881 

Several modeling approaches have been employed to predict the performance of AcoD 882 

systems, utilizing biomethane potential results and operational parameters (Khan et al., 2023), 883 

kinetic parameters and metabolites (García-Gen et al., 2014), biomethane potential (Monlau et 884 

al., 2012) or microbial community (Alvarado et al., 2021; De Vrieze et al., 2018). However, 885 

some of these models are overly specific and often unrealistic due to limited and incomplete 886 

databases. For instance, statistical analyses and machine learning (ML) modeling, including 887 

random forest (RF), Extreme Gradient Boosting (XGBoost), and Kernel ridge regression (KRR), 888 

have been applied to optimize lignocellulosic biomass (LB)-to-AM ratio for ensuring enhanced 889 

SMY (Sonwai et al., 2023). Nonetheless, the data sources have encompassed various 890 

pretreatment methods, reactor designs and modes of operation, and nutrient supplementation, 891 

possibly impacting data consistency. Thus, a comprehensive assessment of AcoD using statistical 892 
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analyses and interpretable ML modeling is imperative to understand AcoD. Based on these 893 

rationales, our study aimed to conduct a meta-analysis of AcoD involving diverse substrates. We 894 

statistically examined correlations between parameters and SMY, exploring intercorrelations 895 

while providing indepth discussion. Furthermore, we implemented analytical modeling 896 

approaches, incorporating multivariate linear regression, multivariate quadratic, and tree-based 897 

regression models, to capture possible collinearity and curvilinearity interactions. Specifically, 898 

we identified the interactions of co-substrates based on meta-anlysis outcomes and subsequently 899 

implement interpretable ML algorithms to identified the governing factors affecting methane 900 

yields. 901 

3.2 Materials and methods 902 

3.2.1 Data collection 903 

A literature search was conducted using the Web of Science database on September 15, 2023, 904 

with search terms of: ñanaerobic co-digestionò AND (ñCSTRò OR ñcontinuous stirred tank 905 

reactorò OR ñcontinuous stirred-tank reactorò OR ñsemi-continuousò). Studies with continuous 906 

stirred-tank reactors with semi-continuous modes of operation were selected due to their 907 

commercial prevalence and homogeneity. The selection process adhered to the criteria outlined 908 

in the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) data 909 

collection flow chart (Figure 3.1)(Page et al., 2021). 910 
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 911 

Figure 3.1 PRISMA flow diagram 912 

From a total of 326 studies, 65 were screened, resulting in 432 relevant datasets of AcoD: 1) AM 913 

group: ruminant manure AM(RM):LB (Alkaya et al., 2010; Alvarez, Liden, et al., 2008; Feng et 914 

al., 2017; Lehtomäki et al., 2007; Riau et al., 2021; Taghinazhad et al., 2017; Varol & Ugurlu, 915 

2017a; H. Wang et al., 2010; W. Zhang et al., 2022), pig manure AM(PM):LB (Orive et al., 916 

2016), chicken manure AM(CM):LB  (L. Zhou et al., 2021), AM:FW (Alvarez, Lidén, et al., 917 

2008; Bres et al., 2018; Usack & Angenent, 2015; Zahan, Georgiou, et al., 2018; W. Zhang et al., 918 

2022), AM: slaughterhouse waste (SL) (Alvarez, Lidén, et al., 2008; Andriamanohiarisoamanana 919 

et al., 2018), AM: desugarmolasses (MO) (Fang et al., 2011) AM: algae (AL) (M. Wang et al., 920 

2016); 2) Lignocellulosic biomass, LB:AM(RM) (Alvarez, Liden, et al., 2008; Joute et al., 2016; 921 

Zealand et al., 2018; W. Zhang et al., 2022), LB:AM(PM) (Kafle et al., 2014; Kaparaju & 922 

Rintala, 2005; K. Li et al., 2018; Orive et al., 2016; Riaño et al., 2021; Sousa et al., 2021), 923 

LB:AM(CM)  (K. Li et al., 2018; X. Yu et al., 2023; Zahan, Georgiou, et al., 2018; L. Zhou et al., 924 

2021), LB:FW (Mu et al., 2020; W. Zhang et al., 2022), LB:MO (López González et al., 2017), 925 

LB:SS (Mu et al., 2020); 3) Sewage sludge, SS: fats, oils, grease (FOG) (Alqaralleh et al., 2018; 926 
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Girault et al., 2012; Grosser et al., 2020; Grosser & Neczaj, 2016; Martínez et al., 2012; Merlin 927 

et al., 2021; Neczaj et al., 2012; Noutsopoulos et al., 2013; Silvestre et al., 2014; Wan et al., 928 

2011; Yalcinkaya & Malina, 2015), SS:FW (Cavinato et al., 2013; do Carmo Precci Lopes et al., 929 

2022; X. Jiang et al., 2022; Keucken et al., 2018; Y. Li et al., 2021; Y. Li, Cheng, et al., 2020; 930 

Silvestre et al., 2015; Szaja et al., 2021; Wehner et al., 2021), SS:AL (Elalami et al., 2020; Lee et 931 

al., 2017; Olsson et al., 2018) SS:LB (Elalami et al., 2020; Szaja et al., 2020), SS: high-carbon 932 

liquid substrate (L-C)(Carvalho et al., 2019) SS: Glycerine (Gly) (Romero-Güiza et al., 2021); 4) 933 

Food waste FW:AM (Chuenchart et al., 2020; C. Zhang et al., 2013; W. Zhang et al., 2022), 934 

FW:LB (Begum et al., 2021; Mu et al., 2020; Perin et al., 2020; Santos et al., 2023; W. Zhang et 935 

al., 2022), FW:SS (Cavinato et al., 2013; Y. Li et al., 2021; Mu et al., 2020; Tonanzi et al., 2020; 936 

Wehner et al., 2021; W. Zhang et al., 2020), FW: high-nitrogen liquid substrate (L-N) (W. L. 937 

Zhang et al., 2015), and additional datasets for modeling (Rétfalvi et al., 2016; R. Xu et al., 938 

2017) (Table A1). 939 

3.2.2 Statistical analyses 940 

Rstudio was used for statistical analyses, multilinear and tree-based regression modeling, as well 941 

as constructing plots using ñggplot2ò (Wickham, 2016). 942 

Meta-analysis 943 

Each dataset compiled co-substrates along with CR, SMY with the number of 944 

observations (n) and standard deviation (SD), pH values, and operational conditions, including 945 

temperature, working volume, OLR, and HRT. The impact of AcoD on SMY was evaluated 946 

using forest plots featuring the Ratio of Means (ROM, Eq. 3.1) for distinct control substrates 947 

constructed by the ñmetaò package (Balduzzi et al., 2019). Standard error (SE, Eq. 3.2) was used 948 

to calculate 95% confidence interval (95% CI, Eq. 3.3) (Friedrich et al., 2011). The random 949 
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effect model, which evaluates the ROM for each pair individually, was adopted for this analysis 950 

since each study was conducted based on different operating conditions. Failed or unstable stages 951 

were excluded to ensure a fair and consistent comparison. In addition, the AcoD samples with 952 

too low or too high OLRs compared to the control substrate mono-digestion were excluded based 953 

on the ratio of OLR of treatment (i.e., AcoD) to control (i.e., mono-digestion) (OLRt/c). OLRt/c 954 

was controlled within the range of 0.7ï1.3. Missing SD was handled by summary statistic level 955 

imputation (i.e., prognostic methods) (J. Ma et al., 2008; Weir et al., 2018). The summarized 956 

forest plot was employed using ñforestplotò package (Gordon et al., 2019). 957 

ROMȡ  ROMcontrol:treatmentὩ
xtreatment
xcontrol  

xtreatment

xcontrol
        (3.1) 958 

SE =
1

ntreatment

ůtreatment

xtreatment 

2

+ 
1

ncontrol

ůcontrol

xcontrol

2

            (3.2) 959 

95% CI = Ὡln(ROM) Ñ 1.96ĬSE              (3.3) 960 

Where x is the mean value of SMY, ů is SD, n is the number of days of operation or 961 

measurement, and subscript represents treatment and control groups. A:B is the notation for A-B 962 

AcoD effects, compared with mono-digestion of A. 963 

ROM, which compares AcoD to mono-digestion, also allows us to identify the possible 964 

synergistic relationship from various studies with different OLRs, CRs, and HRTs. The relative 965 

synergistic effect can be estimated by the weighted average (by the number of experiments) of 966 

the ROMs from two control substrates, defined as the ñrelative synergistic index (RSI)ò (Eq. 967 

3.4). 968 

RSI = 2/-Î = 
(nĬROM)A:B + (nĬROM)B:A

nA:B + nB:A
            (3.4) 969 
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Where 2/-Î is the weighted average of ROMs, nA:B and nBȡ! are number of experiments of 970 

AcoD of A:B and B:A, respectively. 971 

Correlation analysis 972 

The strength and direction of a linear correlation between any two variables were estimated using 973 

Pearson correlation coefficient (R, Eq. 3.5), while the significant level test (p-value, P) was 974 

calculated based on two-tailed t distribution (t) with n-2 degrees of freedom (Eq. 6) from ñmetanò 975 

package (Olivoto & Lúcio, 2020), as well as correlation networks was plotted by ñqplotò 976 

package (Epskamp et al., 2012). The strength of the correlation is described as 0 < R < 0.1: 977 

negligible; 0.1 Ò R < 0.4: weak; 0.4 Ò R < 0.7: moderate; 0.7 Ò R < 0.9: strong; and R Ó 0.9: very 978 

strong (Schober & Schwarte, 2018). 979 

Ὑ  
В x y

В x В y
               (3.5) 980 

t  
Ѝ

Ѝ
                  (3.6) 981 

Where x and y indicate the mean values of variables x and y, respectively, and n is the number of 982 

data points. 983 

3.2.3 Interpretable machine learning modeling 984 

Subset regression 985 

Data frames containing key parameters, including OLR, HRT, temperature, pH, CR, and SMY, 986 

were created. No imputation was applied, and any rows with missing data were excluded to 987 

uphold data integrity and consistency, thereby preserving relationships (correlations). For linear 988 

regression analysis, multiple models were employed, including ordinary multivariate linear 989 

regression (MLR) (Eq. 3.7), multivariate quadratic regression (MQR) without interaction terms 990 

(Eq. 3.8), and MQR (Eq. 3.9). Key parameters, including CR (x1), OLR (x2), HRT (x3), 991 
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temperature (x4), and pH (x5), were used as independent (explanatory) variables to predict the 992 

dependent variable, SMY (y). Exhaustive search in ñleapsò package was used for regression 993 

subset selection with the lowest MallowsôCp (Lumley & Lumley, 2013). Coefficient of 994 

determination (R2) and adjusted coefficient of determination (Adj R2) were used to evaluate the 995 

prediction performance of each model. 996 

y = ɓ0 + ɓ1x1 + ɓ2x2 + ɓ3x3 + ɓ4x4 + ɓ5x5 + Ů           (3.7) 997 

y = ɓ0 + ɓ1x1 + ɓ2x2 + ɓ3x3 + ɓ4x4 + ɓ5x5 + ɓ11ὼ + ɓ22ὼ + ɓ33ὼ + ɓ44ὼ + ɓ55ὼ + Ů  (3.8) 998 

y = ɓ0 + ɓ1x1 + ɓ2x2 + ɓ3x3 + ɓ4x4 + ɓ5x5 + ɓ12x1x2 + ɓ13x1x3 + ɓ14x1x4 + ɓ23x2x3 + ɓ24x2x4 + 999 

ɓ34x3x4 + ɓ35x3x5 + ɓ45x4x5 + ɓ11ὼ + ɓ22ὼ + ɓ33ὼ + ɓ44ὼ + ɓ55ὼ + Ů     1000 

 (3.9) 1001 

Regression tree and random forest 1002 

Regression tree algorithm was employed with the ñrpartò library to predict the SMY 1003 

based on key parameters, enabling the capture of potential non-linear interaction. To further 1004 

explore potential curvilinear effects, the relative influence of each variable was quantified based 1005 

on variable importance (fraction basis). In a comprehensive effort to enhance the reliability of 1006 

these findings, additional analyses were undertaken. Random forest with multi-way importance 1007 

assessments was implemented to confirm those relative influences while also incorporating 1008 

nonlinearity and data complexity through the use of ñrandomForestò and 1009 

ñrandomForestExplainerò libraries. This approach provided comprehensive insights into the 1010 

relationships between key parameters and SMY, offering a more holistic perspective on the 1011 

predictive modeling process. 1012 
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3.2.4 Experimental validation 1013 

Long-term evaluation of AD was conducted using two 8-L (working volume = 6 L) continuous 1014 

stirred-tank reactors (CSTR), operated in a semi-continuous mode (fed-batch reactors), under 1015 

mesophilic condition (35±1 °C) at hydraulic retention time (HRT) of 20 days. In the beginning, 1016 

digestors were operated as mono-digestion of SS, slowly increasing OLR from 1.0 to 2.25 g 1017 

volatile solid (VS)/LÖd on day 124 (maximum loading rate for SS). Then, different mixing ratios 1018 

of FW and SS, 0:100, 40:60, 60:40, and 80:20 (VS basis), were tested with at least 40 days to 1019 

reach a quasi-steady state. The co-substrates mixing ratio that resulted in the highest specific 1020 

methane yield (SMY), FW:SS = 80:20, was selected to examine the SMY at higher OLRs (2.25, 1021 

4.0, and 6.0 g VS/LȚd). The volume of the biogas was measured daily using a drum-type gas 1022 

counter (TG 0.5/5 drum-type gas meter, Ritter) and normalized to standard temperature (273 K) 1023 

and pressure (1 atm). The composition of biogas (including CH4 and CO2) was determined using 1024 

a gas chromatograph equipped with a thermal conductivity detector (GC-TCD) (Agilent, 490 1025 

Micro GC System, USA). pH, alkalinity (ALK), total VFA, and VFA/ALK ratio were measured 1026 

using an auto-titrator (Hach, TitraLab AT1000, USA) with a pH probe (PHC805) 1027 

3.3 Results and discussion 1028 

3.3.1 Meta-analysis 1029 

Co-digestion of agricultural wastes and residues 1030 

In the agricultural sector, anaerobic digestion (AD) is primarily applied to manage AM 1031 

and LB (agricultural residues), with concurrent production of bioenergy and digestate as an 1032 

organic fertilizer. Several studies employ AcoD of LB:AM, aiming to maintain C/N ratio and 1033 

alleviate ammonia and VFA inhibition. LB is high in carbon content (C = 32±7%dw, n = 18), 1034 
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C/N ratio (C/N = 57 ± 35, n=17) (Figure 3.2 and 3.3), and low in trace elements, such as Fe, Co, 1035 

Ni, Mo, Se, and W (Sawatdeenarunat et al., 2015), requiring nutrient supplementation to 1036 

maintain favorable condition for microbes. Fiber components in LB are mainly comprised of 1037 

structural carbohydrates such as cellulose (21ī50 %dw) and hemicellulose (12ī36 %dw) (Table 1038 

A2) (Sawatdeenarunat et al., 2015), which require enzyme, cellulase (EC 3.2.1.4) for 1039 

endohydrolysis of (1-4)-ɓ-D-glucosidic linkages. This makes AcoD of LB and AM ideal since 1040 

AM contains micronutrients, mainly Fe, Mn, Cu, and Zn (Jalilian et al., 2022). Additionally, 1041 

ruminant manure (RM) enrich cellulolytic microbes, including Clostridium and Bacteroides, in 1042 

the digestor (Y. Li, Achinas, et al., 2020; R. Wang et al., 2023). 1043 
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 1044 

Figure 3.2 Summary of meta-analysis results from random effect model of mono-digestion and 1045 

co-digestion pairs (control:treatment) for algae (AL); animal manure (AM) (RM: ruminant 1046 

manure, PM: pig manure, and CM: chicken manure); fats, oils, and grease (FOG); food waste 1047 

(FW); glycerine (Gly); lignocellulosic biomass (LB); liquid substrate with high carbon to 1048 

nitrogen ratio (L-C); liquid substrate with low carbon to nitrogen ratio (L-N); desugared 1049 

molasses (MO); slaughterhouse waste (SL); and sewage sludge (SS). The full results from the 1050 

meta-analysis are available in Figure 3.4-3.7. Control: control substrate; CS: Co-substrate; CR: 1051 

Co-substrate ratio of the control substrate; OLR: Organic loading rate; HRT: Hydraulic retention 1052 

time; ROM: Ratio of means 1053 

 1054 

 1055 
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 1056 

Figure 3.3 Total ammonia nitrogen (a), carbon (b), nitrogen (c), and C/N ratio of substrates (d). 1057 

AM: animal manure, FOG: fat-oil-grease waste, FV: fruits and vegetables, FW: food waste, LB: 1058 

Lignocellulosic biomass, LO: liquid organic waste, SL: slaughterhouse waste, SS: sewage 1059 

sludge. 1060 

Due to these intrinsic co-substrate properties, adding LB as a co-substrate resulted in a 1061 

1.5-fold higher SMY (ROM = 1.47, p<0.01, n = 28) (Figure 3.2 and 3.4), compared to mono-1062 

digestion of AM. The low SMY during mono-digestion of AM is mainly due to lower 1063 

carbohydrate availability and susceptibility to ammonia inhibition, as indicated by a high total 1064 

ammonia nitrogen (TAN) concentration (3ī6 g N/L) (Yenigün & Demirel, 2013). AM contained 1065 

high ammonia (TAN = 2.7±1.9 g N/L, n = 16) and nitrogen (N = 4.5±2.5%dw, n = 28), which 1066 

resulted in low C/N ratio (11±5, n=21), making mono-digestion of AM vulnerable to ammonia 1067 

toxicity. The mono-digestion of AM and AcoD of LB:AM yielded similar SMYs (RSI = 1.01, 1068 

n=22, p< 0.01), indicating the ineffectiveness of LB addition into AM in improving methane 1069 

yield. Such observation was mainly due to the very large sample size of RM group (71% of 1070 
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LB:AM). It is important to mention that even though we can roughly generalize RM, pig manure 1071 

(PM), and chicken manure (CM) to AM, which has higher statistical power due to a larger 1072 

sample size (n=77), individual intrinsic attributes of these substrates influence their interaction 1073 

during AcoD. Therefore, it is more reasonable to analyze these manures individually to 1074 

comprehend their respective impacts on AcoD. The lower SMY within LB:AM(RM) subgroup 1075 

(ROM=0.76, n=17, p<0.01), as well as a decline in ROM with decreasing LB proportion (Figure 1076 

3.5), might be due to the fact that RM also contains partially digested complex biorecalcitrant 1077 

fibers, including cellulose (23.8ī24.0%dw), hemicellulose (16.0ī16.6%dw), and lignin 1078 

(10.7ī15.5%dw) (Feng et al., 2017; Xavier et al., 2015). The main merit of using RM as a co-1079 

substrate is that it enriches cellulolytic microbes in the digestor. Therefore, in the case of AD 1080 

plants with a well-established microbiome responsible for fiber digestion, the addition of LB is 1081 

likely to result in greater improvements in SMY compared to adding RM, as indicated that 1082 

RM:LB AcoD has ROM = 1.26 (n = 42, p < 0.01). 1083 
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 1084 

Figure 3.4 Forest plot of animal manure co-digestion. The effects of co-digestion were 1085 

investigated for individual animal manure, including (RM: ruminant manure, PM: pig manure, 1086 

and CM: chicken manure) on co-substrates, i.e., lignocellulosic biomass (LB) and food waste 1087 

(FW), algae (AL), slaughterhouse (SL), and desugar molasses (MO). TH: thermophilic, $: 1088 

missing SD replaced by group SD, #: SD retrieved from different OLR but same co-substrate 1089 

ratio, *: SD from overall average SD, +: sample size (n) was retrieved by group average 1090 
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Unlike RM, both CM and PM showed a synergistic relationship on LB degradation (RSI > 1091 

0.1) due to their higher protein but lower cellulose and lignin contents. Rather than a co-substrate, 1092 

RM is primarily used as a bioaugmentation agent for enhancing fiber degradation, but it contains 1093 

a substantial amount of lignocellulose. PM contributes essential nutrients, particularly nitrogen 1094 

species, from protein, urea, and ammonia. High bicarbonate alkalinity in high-nitrogen AcoD can 1095 

be explained by the alkaline buffer reversible reaction of ammonia, carbon dioxide, and water, 1096 

generating ammonium bicarbonate (Dague, 1968; Khanal, 2008), which forms NH4
+ and HCO3

-
 1097 

in the aqueous phase. According to the ionic equilibrium principle, the presence of ammonium 1098 

also acts as a positive charge and replaces H+, thereby raising the overall pH. PM:LB and LB:PM 1099 

AcoDs yielded RSI = 1.91, indicating a synergistic effect due to a balanced nutrient (from PM) 1100 

and organic carbon (from LB) for the microbes. Additionally, while there is substantial evidence 1101 

of a partial synergistic effect in PM:LB AcoD (ROM = 1.80, n=21), LB:PM AcoD showed a 1102 

significant improvement in SMY (ROM = 2.65, n=3). In LB:PM AcoD, reducing the PM content 1103 

resulted in lower ROM due to the decreased availability of biodegradable substrate (Figure 3.5). 1104 

However, PM:LB AcoD resulted in a fluctuating improvement trend in ROM (Figure 3.4). This 1105 

observed inconsistency could be attributed to the high variation of ammonia concentration in the 1106 

PM (from 3ī13 g N/L) (Kafle et al., 2014; Kaparaju & Rintala, 2005; K. Li et al., 2018; Orive et 1107 

al., 2016; Riaño et al., 2021; Rodriguez-Abalde et al., 2019; Rodríguez-Abalde et al., 2017). 1108 

Higher ammonia concentration adversely affect microbial activity, potentially disturbing cell 1109 

membrane functionality, leading to decreased integrity, elevated permeability, depolarization, 1110 

and diminished fluidity (C. Liu et al., 2023). In addition, the diffusion of free ammonia requires 1111 

more energy for microbes to maintain the potassium pump to balance the intracellular pH (Y. Liu 1112 

et al., 2019; D. Yu et al., 2021), even though methanogens could adapt to certain ammonia 1113 
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toxicity (4 g N/L for acetoclastic methanogenesis and 7 g N/L for hydrogenotrophic 1114 

methanogenesis) (Yan et al., 2020). 1115 

 1116 

Figure 3.5 Forest plot of lignocellulosic biomass co-digestion. The effects of co-digestion were 1117 

investigated for individual animal manure, including (RM: ruminant manure, PM: pig manure, 1118 

and CM: chicken manure) and other co-substrates including food waste (FW), molasses/vinasses 1119 

(MO) and sewage sludge (SS). TH: thermophilic, $: missing SD replaced by group SD, #: SD 1120 

retrieved from different OLR but same co-substrate ratio, *: SD from overall average SD, +: 1121 

sample size (n) was retrieved by group average  1122 

CM contributes nitrogen as protein (30ï60%) and uric acid (40ï70%) (Fuchs et al., 2018; 1123 

Song et al., 2023). CM:LB AcoD exhibited an RSI = 1.70, which was consistent in both 1124 

subgroups (ROM = 1.70 in CM:LB (n=14) and LB:CM (n=2)) (Figure 3.2). The trend of ROM 1125 

was curvilinear, indicating an optimal CM content range for maximizing SMY at around 1126 
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50ī60%VS with ROM around 1.8ī2.4 at OLR of 1ī3 gVS/L.d (Figure 3.4). However, these 1127 

effects were not be observed in LB:CM AcoD due to the small sample size, n = 2. 1128 

In the case of AM:FW AcoD, all AM types were combined due to limited data 1129 

availability. AM:FW AcoD improved SMY by 1.5-fold (ROM = 1.52, p<0.05, n=13), 1130 

particularly due to higher biodegradability of FW compared to AM. As the FW content increased, 1131 

ROM of AM:FW AcoD gradually increased from 1.1 to 2.1, suggesting higher SMY at higher 1132 

FW content. Conversely, in AM:FW AcoD, the AM addition facilitates maintaining nitrogen 1133 

level and enriching methanogens, such as Methanobacteriales and Methanomicrobiales 1134 

(Ozbayram et al., 2018). In comparison to FW mono-digestion, FW:AM AcoD did not improve 1135 

SMY (ROM = 0.99, n = 11), mainly resulting in synergistic interaction (RSI = 1.28). This is 1136 

primarily attributed to the high biodegradability of non-structural carbohydrates and proteins 1137 

present in FW. Additionally, ammonia toxicity could be an issue during FW:AM AcoD, as TAN 1138 

content in FW could reach up to 1.4 gN/L (Tonanzi et al., 2020). 1139 

In animal husbandry, AM and slaughterhouse waste (SL) (i.e., blood, fat, meat, organs, 1140 

feathers), AcoD is a promising approach due to their spatial and temporal availability and 1141 

complementary characteristics. SL can have high levels of fats, oils, and greases (FOG) (50%dw) 1142 

and protein (37%dw) (Pages-Diaz et al., 2015) (Table A2), depending on livestock types and 1143 

their sources. Various types of antibiotic resistance genes (ARGs) are frequently detected in AM 1144 

(Y. He et al., 2020; H. Wang et al., 2023), SL (Savin et al., 2021), and their wastewater (Foyle et 1145 

al., 2023) due to extensive use of antibiotics and antiparasitic drugs in animal husbandry (Rohr et 1146 

al., 2019; Van Boeckel et al., 2015). Therefore, AD of these waste streams, particularly at 1147 

thermophilic conditions, reduces the possible spread of pathogens (Zahedi et al., 2021) and 1148 

ARGs (W. Sun et al., 2016). However, achieving digester stability during mono-digestion of SL, 1149 
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particularly at thermophilic conditions, is challenging due to the process inhibition caused by 1150 

ammonia and VFAs (Dalantai et al., 2022; Hejnfelt & Angelidaki, 2009). While AM:SL AcoD 1151 

contributes to digestor stability, it did not improve SMY when compared to mono-digestion of 1152 

AM (ROM = 1.11, p<0.05, n=3).  1153 

Beyond AcoD within the agricultural sector, there is a potential cross-over AcoD 1154 

between agricultural and urban sectors depending on the co-substrate availability and economic 1155 

feasibility. Remarkably, AcoD of LB with FW resulted in a 2.9-fold increase in SMY compared 1156 

to LB alone (ROM = 2.87, p < 0.05, n = 6). This significant improvement in SMY could be 1157 

attributed to high biodegradability and nutrient availability of FW, as discussed in Section 3.4. In 1158 

contrast, compared with FW mono-digestion, FW:LB AcoD resulted in lower SMY (ROM = 1159 

0.73, n = 15), and the ROM decreased as the content of FW decreased (i.e., the content of LB 1160 

increased) (Figure 3.7). Such a decrease in SMY with increasing content of LB is mainly due to 1161 

the relatively lower biodegradability of LB than FW. As a result, FW:LB AcoD might yield 1162 

synergistic effects with RSI = 1.41. Additionally, co-digesting LB with readily biodegradable 1163 

substrates, including those containing free sugars like vinasse (sugar = 3.2%ww) (López 1164 

González et al., 2017), improved SMY (ROM = 1.38, n= 5). 1165 

Co-digestion of municipal organic wastes 1166 

AD has been a common approach for managing SS (biosolids). SS primarily consists of 1167 

bacterial cells with an elemental composition of C5H7O2N (C/N ratio = 4.3) (Eckenfelder et al., 1168 

1985). When combined with extracellular polymeric substances, typical carbon and nitrogen 1169 

contents in SS are 44±9%dw (n=7) and 6.5±2.1%dw (n=9), respectively, resulting in C/N ratio of 1170 

8.3±2.7 (n=8). Thus, several studies have reported AcoD of SS with carbon-rich substrates like 1171 

FOG. FOG could be mainly retrieved from grease traps or industrial processes, characterized by 1172 
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its high carbon content (C = 75±9%dw, n=2) (Figure 3.3). Mono-digestion of FOG is not ideal 1173 

due to process inhibition caused by LCFAs, resulting from the hydrolysis of FOG. SS plays dual 1174 

roles during its AcoD with FOG or other high-lipid substrates. Firstly, it acts as an emulsifier due 1175 

to the presence of peptides and amino acids (Zhu et al., 2020). Secondly, it contributes to 1176 

saponification, a process driven by bicarbonate alkalinity (Mouneimne et al., 2003). Compared to 1177 

SS mono-digestion, SS:FOG AcoD slightly increased SMY (ROM=1.18, p<0.05, n=38) (Figure 1178 

3.2). Furthermore, a lower SS content (i.e., higher FOG content) also improved ROM, most 1179 

likely due to the FOGôs high organic carbon content (Figure 3.6). However, the relatively low 1180 

ROM observed during SS:FOG AcoD is also due to limited allowable FOG addition. High FOG 1181 

content can also contribute to large lipid droplet formation and excessive foaming, subsequently 1182 

slowing down substrate hydrolysis. For instance, studies have reported system failure at FOG 1183 

content higher than 70% (VS basis) (HRT = 15 d) (Alqaralleh et al., 2018). 1184 



 

` 70 

 1185 

Figure 3.6 Forest plot of sewage sludge co-digestion. The effects of co-digestion were 1186 

investigated for fat oil grease (FOG), Food waste (FW), algae (AL), lignocellulosic biomass 1187 

(LB), liquid substrate with high carbon to nitrogen ratio (L-C), and glycerine (Gly). TH: 1188 

thermophilic, $: missing SD replaced by group SD, #: SD retrieved from different OLR but same 1189 

co-substrate ratio, *: SD from overall average SD, +: sample size (n) was retrieved by group 1190 

average  1191 

  1192 
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FW can be used as a co-substrate in the existing digestors at farms and WRRFs to 1193 

improve biogas production. This approach leverages the capacity of existing AD plants while 1194 

utilizing locally available co-substrates, reducing logistic costs and benefiting from the 1195 

complementary characteristics of co-substrates. For example, in 2019, 16 million metric tons of 1196 

FW was used as a co-substrate, fulfilling 41% of the available capacity of digestors at farms and 1197 

WRRFs in the United States (Schroeder, 2023). The addition of FW as a co-substrate improves 1198 

the SMY only at a particular range of OLR and CR (see Section 3.7). Process inhibition due to 1199 

VFAs (acetate > 2 gHAc/L and propionate > 1 gHPro/L (Chen et al., 2016; Peng et al., 2018)) and 1200 

ammonia (> 2 gN/L) accumulations is a common phenomenon during FW mono-digestion (Chen 1201 

et al., 2016; L. Wang et al., 2014). Additionally, designing an efficient AD system for FW mono-1202 

digestion is challenging due to substantial seasonal fluctuations in FW quantity and quality 1203 

(Cherukuri & Parthasarathy, 2023; Scotto di Perta et al., 2022; Q. Xu et al., 2023). AcoD of FW 1204 

resulted in the 0.87-fold lower SMY (ROM = 0.87, p < 0.05, n=38) compared to mono-digestion 1205 

of FW due to lower biodegradability of other co-substrates (Figure 3.7). 1206 
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 1207 

Figure 3.7 Forest plot of food waste co-digestion. The effects of co-digestion were investigated 1208 

for animal manure (AM), lignocellulosic biomass (LB), sewage sludge (SS) and liquid low C/N 1209 

substrate (L-N).  TH: thermophilic, $: missing SD replaced by group SD, #: SD retrieved from 1210 

different OLR but same co-substrate ratio, *: SD from overall average SD, +: sample size (n) 1211 

was retrieved by group average  1212 

 1213 

Compared with mono-digestion of SS, SS:FW AcoD resulted in a 1.2-fold improvement 1214 

in SMY, mainly due to higher biodegradability of FW than SS. However, it is worth pointing out 1215 

that lower SMY observed in FW:SS AcoD (ROM = 0.75, n = 9) as well as overall RSI of 1.04 1216 

indicated that there is likely no synergistic effect in this AcoD. Furthermore, AcoD of FW with a 1217 

nitrogen-rich liquid substrate (L-N), (i.e., fresh leachate), did not improve SMY (ROM = 1.04, n 1218 

= 3). The addition of other substrates in FW digestion plant is not necessarily aimed at improving 1219 
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SMY but rather at ensuring system stability, maintaining buffering capacity, and preventing 1220 

inhibition due to VFAs and ammonia accumulations. 1221 

3.3.2 Effects of high carbon co-substrates on SMY 1222 

The regression and correlation analysis of the CRs on ROMs revealed a distinct 1223 

separation of co-substrates into two groups based on their inherent C/N ratios (Figure 3.8). 1224 

ROMs exhibited positive correlations with CRs for high-carbon co-substrates such as FW and 1225 

LB with R = 0.82 (p < 0.001) and 0.30 (p = 0.11), respectively. Conversely, ROMs exhibited 1226 

negative correlations with CRs for high-nitrogen co-substrates such as AM and SS with R = -1227 

0.52 (p = 0.44) and -0.08 (p < 0.01), respectively. Therefore, high-carbon co-substrates, 1228 

including LB, FOG, and FW, were regrouped for interaction analysis and modeling. 1229 

 1230 

Figure 3.8 Linear regression and correlation of ratio of means and co-substrate ratio. 1231 

  1232 
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3.3.3 Interactions of operational factors with  pH and SMY during co-digestion 1233 

Overall interactions 1234 

Pearsonôs correlation analysis was used to reveal interactions of important operating 1235 

factors, such as OLR, HRT, temperature, and CR (VS basis), on pH and SMY within the context 1236 

of high-carbon co-substrates (Figure 3.9a and e). Correlations of OLR and HRT with pH and 1237 

SMY were not significant because failure, unstable, or overloading cases were not included in 1238 

the analysis, as well as most of the studies were performed within HRT of 10ī50 d. Therefore, 1239 

most AcoD studies reported a pH range of 7ī8 without requiring pH adjustments since system 1240 

stability is also a merit of AcoD.  1241 

The pH exhibited a weak negative correlation with CR (R = -0.352) and weak positive 1242 

correlations with OLR (R = 0.143) and temperature (R = 0.248), which means that they slightly 1243 

affect pH. The SMY exhibited a moderate positive correlation with temperature (R = 0.628) and 1244 

weak positive correlations with pH (R = 0.284) and CR (R = 0.295). Based on Arrheniusô law, 1245 

higher temperature accelerates biochemical reactions and, therefore, enhances microbial growth 1246 

and product formation (Sonnleitner & Fiechter, 1983). For example, the thermophilic condition 1247 

improved first-order hydrolysis coefficient of particulate organic matter (khyd, om) by 1.6-fold 1248 

(from 0.25 to 0.4) (Wu et al., 2022). While stoichiometrically, CR should affect the SMY, the 1249 

overall CR and SMY interaction was weak (R = 0.295, p<0.001). This was primarily due to low 1250 

biodegradability of LB since LB (n = 107) contains a 47.3% share of the overall sampling size (n 1251 

= 171). Although regression and ML models showed general (global) correlations, the 1252 

underlying mechanism depends on the co-substrateôs inherent characteristics and (local) 1253 

correlations, as explained in Sections 3.3.4ī3.3.6. 1254 
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 1255 

Figure 3.9 Correlation networks (a-d) of variables during co-digestion of overall high-carbon co-1256 

substrates (a); lignocellulosic biomass (b); fat, oil, and grease (c); and food waste (d). R<0.05 1257 

was removed due to negligible correlation. Pearsonôs correlations of co-substrate ratio (CR, VS 1258 

basis), organic loading rate (OLR), hydraulic retention time (HRT), Temperature (Tmp), pH, and 1259 

specific methane yield (SMY) for co-digestion of lignocellulosic biomass (LB, n = 107), fat, oil, 1260 

and grease (FOG, n = 40), and food waste (FW, n = 79): Overall interaction (e); Group 1261 

interactions of pH (f-h) with Temperature (f), HRT (g), and CR (h); Group interactions of SMY 1262 

(i-l) with pH (i), Temperature (j), HRT (k), and CR (l). Note: not significant (p>0.05), *: 1263 

significant (pÒ0.05), **: very significant (pÒ0.01), ***: highly significant (pÒ0.001) 1264 

  1265 
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Individual co-substrate interactions 1266 

In the LB group (Figure 3.9 b and fīi), LB-CR showed a moderate negative correlation 1267 

with pH (R = -0.489), implying that adding LB or LB mono-digestion (without pretreatment and 1268 

nutrient suplementation) could result in acidification. A majority of the studies on AD of LB 1269 

centered around LB:AM AcoD, mainly due to local availability and complementary 1270 

characteristics of these co-substrates (i.e., crop residues and AM). However, both AM, 1271 

particularly CM, and LB are rich in complex fiber like cellulose (24% and 34% on dry basis, 1272 

respectively) (Table A2), resulting in sub-optimal methane production during their AcoD. 1273 

Besides, the thermophilic AcoD of LB with SL or AM is a promising approach for effectively 1274 

managing agricultural residues and livestock waste. For instance, thermophilic AcoD of various 1275 

crop residues with SL at 47:53 (VS basis) yielded the highest SMY of 620 mL/gVS among our 1276 

selected sample groups (Figure 3.10). The enhanced SMY is attributed to the higher lipid 1277 

content in SL. Our analyses indicated that the SMY from AcoD of LB, particularly with FW and 1278 

AM, is influenced by both temperature and pH. 1279 
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 1280 

Figure 3.10 Box plot of operational parameters for modelling. Co-substrate ratio (a), Organic 1281 

loading rate (b), Hydraulic retention time (c), Temperature (d), pH (e), Specific methane yield 1282 

(f). 1283 

SMY showed moderate positive correlations with pH (R = 0.445) and temperature (R = 1284 

0.594), suggesting higher SMY tends to occur at higher pH and thermophilic conditions, which 1285 

could be attributed to two limiting steps of LB methanation, including hydrolysis and 1286 

methanogenesis. For instance, cellulose first-order hydrolysis coefficient (khyd) increased by 1.75 1287 

fold (from 0.4 ± 0.1 to 0.7 ± 0.1 /day) (Ge et al., 2011). During the AcoD of LB under 1288 

thermophilic conditions, the hydrolysis of LB may rely on Thermotogae, which has been found 1289 

to be highly dominant under thermophilic conditions (Shi et al., 2018). In addition to cellulose 1290 

hydrolysis facilitated by cellulase, Thermotogae may also play a role in the degradation of xylan, 1291 
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a major constituent of hemicellulose, through the action of xylanase (EC 3.2.1.8) (Frock et al., 1292 

2010). At higher pH and thermophilic conditions, methanogenesis is primarily governed by 1293 

hydrogenotrophic methanogenesis (HM) (Ho et al., 2014; Shi et al., 2018), a thermodynamically 1294 

favorable process for methane production compared to acetoclastic methanogenesis (ACM) 1295 

(Table A3). This shift is attributed to changes in the abundance of methanogens from 1296 

Methanosaeta (associated with ACM) and Methanolinea (associated with HM) to 1297 

Methanosarcina (associated with both ACM and HM) and Methanoculleus (associated with HM) 1298 

(W. Li et al., 2023; Shi et al., 2018; Tian et al., 2015) concomitant with higher abundance of F420 1299 

(8-hydroxy-5-deazaflavin) (W. Li et al., 2023), which is an essential hydride carrier during HM 1300 

(Berghuis et al., 2019; Lambrecht et al., 2017). 1301 

A moderately negative correlation between FOG-CR and pH (R = -0.651) suggested that 1302 

FOG contents contribute to pH reduction (Figure 3.9c, fīl). This can be attributed to lipolysis 1303 

and hydrolysis, where FOG is broken down into lipids and subsequently to LCFAs. A higher 1304 

FOG content leads to VFAs accumulation and subsequent decrease in pH (e.g., pH = 5.5 and 1305 

VFA > 5 gHAc/L at 70% FOG content on VS basis (Yalcinkaya & Malina, 2015)). Additionally, 1306 

HRT showed a moderately negative correlation with pH (R = -0.433), which could be due to 1307 

LCFAs accumulation at longer HRT. LCFAs act as a barrier, impeding substrate and nutrient 1308 

diffusion; potentially limiting mass transfer, decreasing surface-related degradation of larger 1309 

polymers, and disrupting cell membrane functionality (Astals et al., 2021; Dereli et al., 2014; 1310 

Salama et al., 2019). This phenomenon becomes more profound when HRT is longer (>30 d), 1311 

primarily due to the higher dissolution of LCFAs (Dereli et al., 2014). Thus, it is suggested to 1312 

use shorter HRT (17±7 d) during AcoD of FOG. Besides, LCFAs accumulation could be 1313 

mitigated via AcoD of FOG with nitrogenous co-substrates (e.g., SS), in which amino acids are 1314 
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converted to organic acids, NH4
+, H2, and CO2 through Stickland reaction (reductive and 1315 

oxidative deamination) (Table A3) (Martínez et al., 2012; Nagase & Matsuo, 1982; S. Wang et 1316 

al., 2022), resulting in formation of bicarbonate and ammonia alkalinity. In addition, SS also 1317 

contributes to peptides and amino acids, which can function as emulsifiers and saponifiers to 1318 

enhance the dissolution of FOG (Hao et al., 2020). Consequently, it enhances the solubility of 1319 

lipids and increases the surface area of micelles, resulting in a higher hydrolysis rate as well as 1320 

LCFAs conversion (Du & Kruse, 2021; Eftaxias et al., 2021; Holohan et al., 2022). 1321 

Adding FOG in AD plants has a limitation since the higher loading of FOG may cause 1322 

operational issues such as insolubility and deposition within the system (X. He et al., 2013). 1323 

Higher OLR causes lower SMY, as depicted by their moderate negative correlation (R = -0.428) 1324 

(Figure 3.11). In addition, a weak positive correlation of FOG-CR and SMY (R = 0.352), also 1325 

reaffirmed disintegration issues at higher FOG loading. Thus, most of the AcoD studies 1326 

incorporating FOG have maintained FOG-CR below 50% (VS basis), resulting in higher pH 1327 

levels but lower SMY. Beside emulsification and saponification, thermophilic AD could also 1328 

improve microbial accessibility and lipolytic activity due to improved diffusion coefficients and 1329 

lipid solubility (Hao et al., 2020; Long et al., 2012), as demonstrated by a positive correlation of 1330 

pH and SMY (R = 0.643). For instance, (Kabouris et al., 2009) reported an improvement in fat 1331 

reduction from 28 to 68% . Based on the observed curvilinear relationship between FOG-CR and 1332 

SMY, limiting the FOG-CR in the range of 20 to 60% (VS basis) is recommended to ensure a 1333 

stable digestor operation while maintaining SMY above 400 mL/gVS. 1334 
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 1335 

Figure 3.11 Pearsonôs correlations of OLR with pH and SMY 1336 

In the case of FW AcoD, HRT, temperature, and CR were not significantly correlated 1337 

with pH (0 Ò R < 0.4, p > 0.1). SMY exhibited a moderate positive correlation with temperature 1338 

and CR with R = 0.438 and 0.663, respectively (Figure 3.9 d, fīl). Whilst characteristics of FW 1339 

largely depend on its sources, FW is usually characterized by its high non-structural 1340 

carbohydrate content, ranging from 24 to 59% (Table A2), as well as readily fermentable 1341 

carbohydrates (sugar and starch = 17ï54%) (Poe et al., 2020). These carbohydrates contribute to 1342 

the rapid hydrolysis of FW, with a first-order hydrolysis kinetic constant (khyd, Carbohydrate) of 1343 

0.025/d to 0.200/d, which is 1.3 to 1.4-fold higher than that of cellulose and lipids (Christ et al., 1344 

2000; Gavala et al., 2003). Higher degradability of FW also aligned with a weak correlation of 1345 

HRT and SMY (R = 0.393), implying that longer HRT does not necessarily improve SMY. 1346 

During food preparation or processing, starch softening, protein denaturalization, and their 1347 

disintegration and dissolution result in rapid biodegradation, indicated by a high soluble 1348 

chemical oxygen demand (sCOD = 16ī155 g/L) (Chuenchart et al., 2020; Zahan, Georgiou, et 1349 

al., 2018; W. L. Zhang et al., 2015). These intrinsic properties can lead to challenges when FW is 1350 

subjected to mono-digestion, resulting in potential issues like VFAs accumulation or microbial 1351 

washout at higher OLRs. At the same time, acidic conditions not only inhibit methanogenic 1352 
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activity but also results in a decay of methanogens (M. Sun et al., 2020). However, AcoD 1353 

eliminates such situation because of slower degradation and higher buffering capacity of co-1354 

substrates. During AcoD, FW serves as carbon, macronutrient (nitrogen, phosphorus, potassium) 1355 

(Albizzati et al., 2021), and trace element sources, fostering microbial syntropy and thereby 1356 

facilitating methane production. In addition to moderately linear interaction, FW-CR showed a 1357 

curvilinear relationship with SMY due to potential inhibition of FW mono-digestion. Thus, 1358 

AcoD of FW is suggested with FW-CR in the range of 50 to 80% (VS basis) and maintain 1359 

HRT >20 d to achieve SMY > 400 mL/gVS.  1360 

3.3.4 Subset regression modeling 1361 

Since no single parameter exhibited a strong correlation with SMY and the effects of 1362 

those parameters could mutually influence SMY, MLR models were built to evaluate the 1363 

collective effects of variables. The appearance and directions (positive and negative) of selected 1364 

coefficients of MLR after subset regression aligned with the significant correlation coefficient 1365 

(p<0.05) in high-carbon co-substrate group (i.e., LB and FOG groups) (Figure 3.12a). However, 1366 

the temperature, which was significant in correlation analysis, was not significant in MLR, 1367 

suggesting higher temperature leads to higher SMY might not be collectively applied in every 1368 

condition. In addition, pH of FW AcoD became more significant in MLR, confirming the 1369 

significance of pH within collective effects, possibly attributed to VFAs accumulation at higher 1370 

FW-CR. However, R2 of MLR (0.475ī0.597) was low due to their non-linear correlations, high 1371 

variation, and unbalanced data distribution.  1372 

MQR without interaction was modeled to check the curvilinearity of each group, 1373 

resulting in higher adj R2 (0.530ī0.736). Overall, the quadratic terms (x2) appeared in every 1374 

parameter, indicating possible curvilinearity, but only CR terms remain in the co-substrate level. 1375 
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Compared with other groups, the CR coefficient of FOG squared terms was around 5-fold 1376 

negatively higher than the overall high-carbon substrate, implying that FOG-CR could cause 1377 

abrupt changes in SMY. Compared with other models, MQR models showed higher prediction 1378 

accuracy (adjusted R2 = 0.594ī0.846) due to more variables. The two-way interaction between 1379 

CR and pH was observed, indicating the joint effects of CR and pH on SMY without the main 1380 

effects (pH and pH2). This implies that CR affects SMY more at higher pH conditions, especially 1381 

during AcoD of FOG. This is particularly attributed to proteins and/or amino acids availability 1382 

during AcoD, in which higher pH leads to improved emulsification due to reduced protonated 1383 

proteins (Keppler & Schwarz, 2017). However, with this small sample size (n = 171), MQR 1384 

models exhibited less consistency and interpretability, as evidenced by the fluctuation in the 1385 

direction of their outcomes and experimental validation (see Section 3.6). 1386 

3D-curves and contours were plotted under mesophilic conditions (37 °C) with HRT = 30 1387 

d and pH = 7.5 to visualize how SMY varies with OLR and CR based on their multiple 1388 

curvilinear interactions (Figure 3.12 bīi). This also highlights the limitation of our model 1389 

predictability under specific operating conditions, which could be observed from the red dots that 1390 

the data was collected from OLR < 6 gVS/LȚd. As also observed in correlation analysis, MQR 1391 

and their plots, the LB-CR does not affect SMY, thereby resulting in SMY threshold of 300ī350 1392 

mL/gVS of LB-CR > 50% at OLR < 1 gVS/LȚd or LB-CR < 30% at OLR > 3.5 gVS/LȚd. The 1393 

AcoD of FOG is very susceptible to OLR; thus, lower OLR < 3.5 gVS/LȚd was suggested for 1394 

ensuring system stability and higher SMY (Noutsopoulos et al., 2013). While our models are 1395 

efficiently predicted, its applicability in boundary conditions should be further evaluated. For 1396 

instance, the SMY dropped by 53% from 350 to 185 mL/gVS, when OLR was increased from 6 1397 

to 7 gVS/LȚd (CR of FW:SS = 50ī57% VS) (R. Xu et al., 2017). 1398 
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 1399 

Figure 3.12 Coefficients from regression modeling with subset regression selection and heat 1400 

map of goodness of fit test (a). Surface and contour plot at specific conditions (HRT = 30 d, pH 1401 

= 7.5, and temperature = 37°C) of co-substrate ratio (CR) and organic loading rate (OLR) for co-1402 

digestion of high-carbon co-substrate (b); lignocellulosic biomass (c); fat, oil, and grease (d); and 1403 

food waste (e). Due to unit differences, the coefficient was noted in four significant figures. Red 1404 

numbers indicate terms that are not significant (p > 0.05) after subset regression selection. Red 1405 

circles indicate reference conditions (from various HRT, pH, and temperature). Zero interception 1406 

was not forced because of the following reasons: 1) abrupt change of SMY at low OLR due to its 1407 

relative to g VS fed and 2) CR zero represents mono-digestion of high-nitrogen substrate. 1408 

  1409 
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3.3.5 Tree-based regression 1410 

Overall, among others, both temperature and pH acheived higher relative variable 1411 

importance (RVI) values (RVI = 0.403 and 0.235, respectively) from regression trees, which 1412 

align with their significant positive correlations with SMY (Figure 3.13aīd). These effects 1413 

could also be broadly observed in the regression tree that temperature is the first split (root node) 1414 

in high-carbon, LB, and FOG groups (Figure 3.14). Higher RVI values of temperature and pH 1415 

(RVI = 0.314 and 0.292, respectively) were also found in the LB group due to their positive 1416 

effects on the rate-limiting hydrolysis step. RVI of temperature in both LB and FOG also 1417 

reaffirmed the significance of thermophilic conditions in improving SMY from these substrates. 1418 

However, the CR ranked second in the FOG group because the rate-limiting step in FOG 1419 

degradation, such as disintegration and emulsification of FOG, relies primarily on temperature. 1420 

However, CR ranked as the highest RVI in FW, which is attributed to its high biodegradability. 1421 

In multiway-importance plots from random forests, the influence of variables on the model was 1422 

classified by increased Mean Squared Error (mse_increase) and node purity, reaffirming that 1423 

temperature is critically important for this dataset (Figure 3.13eīh). Even though the random 1424 

forest is more robust than the regression tree and tends to excel in predictive performance, 1425 

particularly in scenarios with higher dimensions and larger datasets, the overall results were 1426 

reaffirmed with RVI in the regression tree. As same as regression trees, it is apparent that pH and 1427 

temperature are more distinct in LB, as well as CR is distinct in (MSE and node purity) from 1428 

others in FW. The only noticeable difference in this tree-base analysis is that FOG-CR was more 1429 

distinct from temperature and other parameters, which could be due to the higher methane 1430 

potential of FOG when other parameters are not limiting factors (Figure 3.13g-c). 1431 



 

` 85 

 1432 

Figure 3.13 Relative variable importance of high-carbon (a); lignocellulosic biomass (b); fat, oil, 1433 

and grease (c); and food waste (d). R2All  = 0.8287, R2LB = 0.8837, R2FOG = 0.9452, and R2FW = 1434 

0.9339. Random forest multi-way importance plot of all substrates (e); lignocellulosic biomass 1435 

(f); fat, oil, and grease (g); and food waste (h). R2
All  = 0.9371, R2LB = 0.8867, R2FOG = 0.9014, 1436 

and R2
FW = 0.8986 1437 
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 1438 

Figure 3.14 Regression tree plots of high-carbon co-substrate (a), lignocellulosic biomass (b), fat 1439 

oil grease (c), and food waste (d) 1440 

3.4 Implication and experimental validation 1441 

Based on regression analysis of LB AcoD, especially with AM, temperature and pH play 1442 

significant roles in SMY. Thermophilic AD and/or effective pH control approaches, including 1443 

pretreatment, micro-aeration (D. Nguyen et al., 2019; Wu et al., 2022), two-stage AD with 1444 

longer retention time in the second reactor could facilitate the better operation of LB AcoD. For 1445 

co-substrate selection, LB AcoD with CM and PM likely resulted in higher SMY due to 1446 
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synergistic effects compared to RM. For FOG AcoD, temperature and CR are critical parameters, 1447 

and thermophilic conditions are likely to enhance the FOG degradation and SMY. Besides, based 1448 

on correlation and MLR analyses,  OLR is an equally important parameter governing SMY, 1449 

suggesting OLR should be lower than 3.5 gVS/LȚd. Typically, FW-AcoD with slowly 1450 

biodegradable substrates, such as LB and AM,  could result in synergistic effects. However, due 1451 

to its rapid biodegradability, selecting proper FW-CR is critically important to ensure system 1452 

stability. 1453 

To demonstrate the practical significance of models and to confirm that the statements 1454 

put forth in the study are valid and appropriate, the experimental validation of FW:SS AcoD was 1455 

conducted. The MLR showed the highest prediction performance compared to MQR, RT, and 1456 

RF (Figure 3.15). MLR is the simplest model compared to other models tested. Due to the 1457 

inclusion of many parameters, the model represented a good fit to the original data but overfitted 1458 

with experimental validation. Besides, for OLR of 1ī4 gVS/LȚd, the MQR overpredicted the 1459 

SMY due to its curvilinearity (Figure 3.15b). Nevertheless, the CR was well grouped across all 1460 

the models since FW-CR showed the highest positive correlation with SMY, and was the most 1461 

important variable in RT and RF. Despite the multifaceted dependency of SMY in a multitude of 1462 

operational and environmental parameters, the ML models proposed in this study offer a 1463 

practical means of predicting SMY from AcoD of various feedstocks under different CR, OLR, 1464 

HRT, temperature, and pH. 1465 

 1466 

 1467 
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 1468 

Figure 3.15 Experimental results and predicted SMY from multivariate linear regression (MLR), 1469 

multivariate quadratic regression (MQR), regression tree (RT), and random forest (RF) analyses 1470 

of food waste and sewage sludge co-digestion at different food waste co-substrate ratio (0ī80 % 1471 

VS) and organic loading rates (OLR = 1ī6 gVS/LȚd), HRT = 20 days, and T = 35 oC (data, 1472 

Table A4). 1473 
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CHAPTER 4 ANAEROBIC CO-DIGESTION OF FOOD WASTE AND SEWAGE 1474 

SLUDGE WITH MICRO -AERATION  1475 

4.1 Introduction  1476 

 Recently, anaerobic co-digestion (AcoD) of sewage sludge (SS) with food waste (FW) has 1477 

gained prominence in water resource recovery facilities (WRRF) for optimizing existing digester 1478 

capacity and efficiently managing municipal organic wastes (Karki et al., 2021). Microaeration 1479 

has been proven effective in improving the performance of anaerobic digestion (AD) systems 1480 

(Khanal & Huang, 2003; D. Nguyen & Khanal, 2018). Notably, studies have demonstrated the 1481 

efficacy of microaeration in improving the hydrolysis of structurally complex substrates, such as 1482 

lignocellulosic biomass, and in rescuing digesters on the brink of failure due to volatile fatty 1483 

acids accumulation (D. Nguyen et al., 2019). However, precise control of microaeration is 1484 

challenging due to its toxicity to obligate anaerobes, necessitating the implementation of 1485 

machine learning in anaerobic co-digestion, as well as precise aeration controls. Therefore, 1486 

machine learning-assisted co-digestion and microaeration hold significant promise for the biogas 1487 

industry. In this study, a long-term continuous investigation was conducted to evaluate the 1488 

impact of microaeration on digester performance under different co-substrate (i.e., SS and FW) 1489 

mixing ratios and organic loading rates, incorporating time-series predictive modeling. 1490 

  1491 
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4.2 Material and methods 1492 

4.2.1 Substrate and inoculum  1493 

Post-consumer FW, which was a mixture of cooked food, fruit peel, and vegetable scraps, 1494 

was collected for a week in the Spring of 2020 from Gateway Caf® at University of Hawaiôi at 1495 

MǕnoa. The FW mixture was blended using a mechanic blender (Vitamix VM0185A, USA) and 1496 

sieved with a 5 mm pore size sieve, as well as mixed in the big tank to ensure its homogenization. 1497 

SS, which is a mixture of primary and secondary sludge (waste activated sludge) retrieved from 1498 

the belt filter press. SS and Anaerobically digested waste activated sludge inoculum were 1499 

obtained in the Spring of 2020 (Hawaii Kai wastewater treatment plant, Honolulu, HI, USA). 1500 

Both FW and SS were stored at -20°C, while the inoculum was stored at 4°C until use. The 1501 

characteristics of substrates and inoculum are summarized in Table 4.1. Anaerobically digested 1502 

waste activated sludge inoculum was used as an inoculum at the initial stage of operation. After 1503 

the system started the digestate from each stage was collected in the air-tight container at 25oC 1504 

and used to reinoculate or recover from the failure to ensure the continued development of 1505 

microbial communities. 1506 
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Table 4.1 Substrates and inoculum characteristics (mean ± SD, n = 3) 1508 

Parameter Unit 

Food waste 

(FW) 

Sewage sludge 

(SS) 

Inoculum 

Total solids %, wet basis 27.55 ± 0.08 8.68 ± 0.12 3.08 ± 0.01 

Volatile solids %, TS 94.96 ± 0.11 80.49 ± 0.16 64.24 ± 0.11 

pH N/A 4.10 ± 0.00 6.43 ± 0.02 8.00 ± 0.05 

Total carbon %, TS 51.88 ± 0.31 38.43 ± 0.05 n.a. 

Total nitrogen %, TS 3.09 ± 0.12 7.45 ± 0.03 n.a. 

C/N ratio N/A 16.81 ± 0.56 5.16 ± 0.01 n.a. 

Notes: C/N ratio: Total carbon/Total nitrogen ratio; SD: Standard deviation; N/A: Not applicable; 1509 

n.a.: Not analyzed 1510 

4.2.2 Semi-continuous system operation 1511 

AD was conducted using two 8-L continuous stirred-tank reactors (CSTRs) (working 1512 

volume = 6 L) with a mixing speed of 120 rpm operated in semi-continuous operation under 1513 

mesophilic condition (35 ± 1 °C) with a hydraulic retention time (HRT) of 20 days (Figure 4.2). 1514 

First, mono-digestion of SS was tested at OLR of 1.00 g VS/LÖd. Thereafter, OLR was increased 1515 

to 2.25 g VS/LÖd on day 124 (maximum loading rate for SS). In parallel, FW mono-digestion 1516 

was conducted at OLR of 1.00 g VS/LÖd. Biogas production and composition, pH, total volatile 1517 

fatty acid-to-total alkalinity (VFA/ALK) ratio, and individual volatile fatty acids (VFAs) were 1518 

analyzed periodically. Co-digestion of SS and FW was initiated from day 220 at SS:FW (60:40, 1519 

VS basis). ORP-based in-situ microaeration was introduced from day 282-312 at +10 mV 1520 
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(higher than the baseline). For effective oxygen mass transfer, biogas was recirculated through 1521 

the bottom of the reactor from day 321. Intermittent microaeration (every alternate day) was 1522 

incorporated on day 373-418 at ORP of +25 mV above the baseline. The mixing ratios with 1523 

higher FW content, SS:FW 40:60 and 20:80, were applied on days 372-489 and 490-576, 1524 

respectively. The co-substrates mixing ratio (i.e., SS:FW at 20:80) that resulted in the highest 1525 

MY was selected for investigating the microaeration efficiency at higher OLRs (i.e., 4 and 6 g 1526 

VS/LÖd). Each stage was maintained at least 20 days of the quasi-steady state (no significant 1527 

difference (p > 0.05) in biogas and MY between the groups of five-consecutive-days). 1528 

 1529 

 1530 

Figure 4.2 Schematic diagram of CSTR mounted with OPR-based microaeration and biogas 1531 

recirculation systems 1532 
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4.2.3 Analytical methods 1533 

The volume of the biogas was measured using a drum-type gas counter (TG 0.5/5 drum-1534 

type gas meter, Ritter) and normalized to standard temperature (273 K) and pressure (1 atm). The 1535 

composition of biogas (including CH4 and CO2) was determined using a gas chromatograph 1536 

equipped with a thermal conductivity detector (GC-TCD) (Agilent, 490 Micro GC System, USA). 1537 

pH, alkalinity (ALK), total VFA, and VFA/ALK ratio were measured using an auto-titrator 1538 

(Hach, TitraLab AT1000, USA) with a pH probe (PHC805). VFA/ALK, commonly referred as 1539 

ñFOS/TACò, was determined by titration with two pH equivalent points as described in 1540 

Nordmann (1977). 1541 

4.2.4 Microbial analysis 1542 

Biomass samples under anaerobic and micro-aerobic conditions were collected from Co-1543 

substrate variation and OLR variation phases in triplicates. DNA was extracted from biomass 1544 

samples using Maxwell 16 RSC Blood DNA kit. Microbial sequencing was performed by the 1545 

University of Michiganôs Microbiome Core (Ann Arbor, MI), targeting the V4 region of the 16S 1546 

rRNA gene, employing modified earth microbiome project (EMP) primers (Kozich et al., 2013) 1547 

with added degeneracies (Parada et al., 2016). Illumina MiSeq according to the manufacturerôs 1548 

instructions with modifications from EMP SOP was adopted for library preparation and 1549 

sequencing of multiplexed amplicons (Caporaso et al., 2012). FASTQ files were generated in 1550 

Mothur software to calculate and identify operational taxonomic units (OTUs). 1551 
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4.2.5 Statistical analysis 1552 

The effect of co-substrates mixing ratios, OLRs, and microaeration on biogas and 1553 

methane yields, and VS reduction will be analyzed using one-way analysis of variance 1554 

(ANOVA). The mean separation will be carried out using Fisherôs least significant difference 1555 

(LSD) procedure. Box-plot and statistical analysis was conducted using following packages: car, 1556 

ggplot2, Imer4, ImerTest in Rstudio (R studio v.1.2.5033, USA). 1557 

4.2.6 Machine learning models 1558 

NARX with LevenbergïMarquardt algorithm will be used to predict system performance 1559 

as described in Beale et al. (2010). Co-digestion (i.e., co-substrates mixing ratios), microaeration, 1560 

pH, and VFA/ALK ratio will be used to predict biogas and methane yields, and VS reduction as 1561 

shown in Figure 4.3. To optimize the network architecture, input and feedback delays and hidden 1562 

layer size (nodes) will be varied from 2 to 8 using the coefficient of determination (R2) and root-1563 

mean-square error (RMSE) as fitting indicators. All the models will be analyzed using MATLAB 1564 

R2021a (The MathWorks Inc., Natick, MA, USA). NARX will also be used to predict the effect 1565 

of microaeration on the system performance at different co-substrate mixing ratios and OLRs. 1566 

 1567 

Figure 4.3 NARX model architecture 1568 



 

` 95 

4.3 Results and discussion 1569 

4.3.1 Effects of microaeration on system performance 1570 

Effects of co-substrate ratio and microaeration on system performance 1571 

The effects of the co-substrates mixing ratios and microaeration on BY, MY, pH, and 1572 

VFA/ALK are illustrated in Figures 4.4a and b. Overall, the BY follows the same trends as MY 1573 

since the methane content was around 64 ± 9%. At the beginning of SS mono-digestion, MY 1574 

quickly increased to 198 NmL/g VS with VFA/ALK of 0.2 (pH = 7.1), which could be due to 1575 

rapid microbial adaptation to the substrate since the inoculum and substrate were retrieved from 1576 

the same source. At an OLR of 1.00 g VS/LÖd, MY hovered between 170 ï 302 NmL/g VS with 1577 

VFA/ALK of 0.20 ± 0.04 (pH = 7.3 ± 0.1) until the end of the stage at day 75. At OLR tested for 1578 

SS mono-digestion, specifically at 2.25 g VS/L·d, the pH was maintained within an acceptable 1579 

range at 7.45 ± 0.05, and the VFA/ALK was 0.27 ± 0.13. The BY and MY were 254 ± 51 and 1580 

184 ± 35 NmL/g VS, respectively, indicating stable performance. However, introducing ORP-1581 

based microaeration (at +25 mV above the baseline) at this stage, during the mono-digestion of 1582 

SS at an OLR of 2.25 g VS/L·d, led to digester instability. This could be attributed to the high 1583 

viscosity of the digester contents, resulting in poor oxygen mass transfer. A significant portion of 1584 

the injected oxygen escaped to the gas phase, resulting in 10% oxygen in the biogas. The system 1585 

almost failed after six days of intermittent microaeration, with Methane Yield (MY) reaching a 1586 

minimum point at 89 NmL/g VS. 1587 
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 1588 

Figure 4.4 Biogas yield and pH (a) and methane yield and VFA/ALK (b) during SS mono-1589 

digestion, FW and SS co-digestion, biogas recirculation, and microaeration (MA) stages 1590 

To mitigate the viscosity issue, co-digestion of SS with food waste (FW) was initiated at 1591 

a mixing ratio of SS:FW = 40:60 (VS basis), resulting in a decrease in Total Solids (TS) of the 1592 

co-substrates from 5.8 to 5.3% at the same loading rate of 2.25 g VS/L·d. At this stage, biogas 1593 

and methane yields increased to 403 ± 24 and 279 ± 23 NmL/g VS, respectively, attributed to the 1594 

rapid biodegradation of FW. Meanwhile, the parallel digester fed with FW as a mono-substrate at 1595 

an OLR of 1.00 g VS/L·d failed after 10 days of operation due to Volatile Fatty Acid (VFA) 1596 
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accumulation (pH = 6.80 and VFA/ALK = 0.530), possibly a result of the rapid hydrolysis of FW.1597 

 1598 

Figure 4.5 Biogas yield of co-digestion and microaeration (+25 mV) with biogas recirculaiton at 1599 

different food waste and sewage sludge ratio (FW:SS) when organic loading rate (OLR) = 2.25 1600 

gVS/LȚd and co-digestion at different OLR when FW:SS = 80:20 (VS basis) 1601 

 1602 

Figure 4.6 Methane yield of co-digestion and microaeration (+25 mV) with biogas recirculaiton 1603 

at different food waste and sewage sludge ratio (FW:SS) when organic loading rate (OLR) = 1604 

2.25 gVS/LȚd and co-digestion at different OLR when FW:SS = 80:20 (VS basis) 1605 




















































































































