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ABSTRACT
Coffee consumption has increased worldwide, and the rise in coffee trading has served as a key economic 
motivator for producers to add value and expand their market presence, thereby enhancing the value of 
their products. Among the implemented strategies to increase the value of coffee, the free pesticide product 
label stands out due to the market’s tendency to consume this product. In this work, artificial intelligence 
techniques were employed to analyze the photoacoustic spectra of cherry coffee to determine if chemical-
fertilizer traces are present in the coffee cherries. Spectra were divided into bands to improve the artificial 
algorithm’s response. Subsequently, logistic regression, random forest classifier, support vector machines, 
and decision tree classifier algorithms were applied. The results indicate that principal component analysis 
offers the highest accuracy in detecting inorganic fertilizers at wavelengths of 320-330 nm and 560-620 
nm in the analyzed samples. Consequently, photoacoustic spectrum analysis using artificial intelligence 
techniques represents a viable option for detecting inorganic fertilizers in coffee at the cherry stage rather 
than beans or powder. 
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INTRODUCTION
	 Coffee trading has become a significant global industry, with a total of 9.68 million 
60-kg bags traded in October 2021 (International Coffee Organization, 2021b). The 
increased trading has made optimizing coffee production processes a tremendous economic 
motivation. Various efforts have been made to increase coffee’s value, including improving 
sowing processes, enhancing the drying stage, 
controlling the roasting stage time, and 
conserving the final product (International 
Coffee Organization, 2021a). 
	 In the struggle to increase the value of 
coffee, producers are adding value by offering 
specific features such as fair trade, 
origin denomination, and organic 
product label, leading to new 
research areas to cover all 
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those features; coffee has been the subject of several studies aimed at detecting defects 
(Dias et al., 2018), roasting degree (Alessandrini et al., 2008; Delin Orduña et al., 2016; 
Dias et al., 2018; Yeretzian et al., 2002), aroma (Baggenstoss et al., 2008; Czerny & Grosch, 
2000; Gonzalez-Sanchez et al., 2023; Schenker et al., 2002; Yeretzian et al., 2002), and 
adulterants presence (Cesar et al., 1984).  
	 The chemical-free fertilizer label, also known as an “organic product,” has introduced 
a new approach to production and, to the coffee’s final value. The organic product label 
indicates that the product has been cultivated in accordance with specific standards, 
including respect for natural harvest cycles, the avoidance of genetically modified 
organisms, and, most importantly, the exclusion of pesticides and chemical fertilizers. 
	 Despite the organic product label, indicating the absence of chemical fertilizers, the 
presence of chemicals associated with fertilizers in coffee has become a problem. Therefore, 
several studies have been proposed to detect fertilizers in beans (Rosencwaig, 1978, 1980) 
and powder (Cesar et al., 1984; Gordillo-Delgado et al., 2016; Rosencwaig, 1980). Despite 
the promising results in detecting chemical fertilizers on coffee beans and powder, no 
studies have used coffee cherries as a sample. 
	 On the other hand, photoacoustic spectroscopy is a non-destructive technique based 
on sample light absorption (Rosencwaig, 1978, 1980). A frequency-modulated light 
beam is focused on the sample at a specific wavelength and modulation frequency. The 
sample is periodically heated, and due to the incident light, it undergoes a modulated 
thermal expansion at the same frequency as the exciting light. Thermal expansion 
depends on the sample’s thermal and elastic properties, as well as its absorption at 
the exciting wavelength. The sample absorption spectrum is obtained by varying the 
excitation wavelength within a specified interval. In photoacoustic spectroscopy, the light 
modulation frequency is in the sound range; as a result, the sample’s thermal expansion 
can be monitored using a microphone.  
	 Photoacoustic spectroscopy (PAS)  is characterized by using a reduced sample and 
provides spectral information of the sample directly from the time domain signal (Kistenev 
et al., 2017). Because the photoacoustic signal comprises both amplitude and phase, it 
provides two information sources: the amplitude, which is related to the sample’s optical 
absorption, thermal properties, and thermal wave scattering, and the phase, which is 
related to the thermoelastic properties of the sample (Ishihara et al., 2003).  
	 Several applications have emerged from the use of photoacoustic studies, including the 
detection of gases (Linhares et al., 2019), the study of crystal defects (Zegadi et al., 1992), 
piezoelectric materials (Lara-Hernandez et al., 2017), and pigments in archaeological 
samples ( Jiménez-Pérez et al., 2004). Depending on their color, photoacoustic spectroscopy 
enables the determination of optical properties in food, which is a crucial parameter in the 
agrifood industry because quality and flavor are closely related to its color (Arana et al., 
2015). The PAS technique, applied to food and plants, enables the determination of their 
properties, concentrations, and the presence of chemical compounds and adulterations 
(Hernández-Aguilar et al., 2019; Hernández et al., 2023; Ikegwu et al., 2023); therefore, 
the methodology is considered an analytic method. The photoacoustic technique has been 
successfully applied to coffee-related studies, ranging from quality powder to prepared 
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coffee infusions (Cesar et al., 1984; Dias et al., 2018; Hernández-Aguilar et al., 2019; Tepepa 
et al., 2009). 
	 Several studies have employed the spectroscopic method (ATR-FTIR) combined 
with chemometrics to detect the adulteration of sibutramine in tea and coffee, utilizing 
hierarchical group analysis and key compounds. The result showed a group of vibratory 
bands associated with chemical compounds of sibutramine (Cebi et al., 2017). Arabica coffee 
and its classification by groups and high-quality fingerprints of coffee by implementing the 
Nuclear magnetic resonance (NMR) method (Arana et al., 2015). 
	 Photoacoustic spectroscopy does not require sample preparation; with a suitable 
measurement chamber, samples can be solid, liquid, or gas. In contrast, infrared techniques 
(IR, FTIR) often require extensive sample preparation, such as grinding a solid sample into 
a fine powder and pressing it into a pellet, or dissolving a sample in a specific solvent that 
is transparent to IR.
On the other hand, several applications of artificial intelligence (AI) have emerged in 
agricultural and food analysis. Shaikh and colleagues reported on the use of AI models 
to forecast crop yields, allowing farmers to plan and optimize their production (Shaikh, 
Rasool, & Mir, 2025). Applications of AI in irrigation and fertilizer management have 
been reported by Kumar and coworkers (Kumar, Farooq, & Qureshi, 2024). Food quality 
control also benefits from the use of AI. Shaik reported the automation of sorting and 
grading products using AI algorithms, whereas Konfo describes the use of AI in detecting 
herbicides (Konfo et al., 2023).
Since studying the possible presence of chemical fertilizers in coffee before any process can 
yield economic benefits, the working hypothesis is that Photoacoustic spectra combined 
with AI can discriminate the presence of fertilizers in coffee cherries. Thus, this study 
proposes examining coffee cherries using PAS and artificial intelligence to detect specific 
chemicals in coffee. 

MATERIALS AND METHODS
Photoacoustic spectroscopy 
	 The experimental setup uses a 1 kW Xenon lamp (Oriel), as shown in Figure 1. 
Because the lamp emission spectra strongly affect measurements, the lamp spectra were 
obtained in advance using black charcoal as a reference sample and used to normalize 
the photoacoustic signals (Flores-Cuautle et al., 2013; Lara-Hernandez et al., 2017). The 
photoacoustic signal was obtained using a lock-in amplifier (SR-850) with a frequency 
modulation of 17 Hz; all measurements were performed at room temperature (23 °C). 
This work performed photoacoustic spectra measurements in the 300 to 800 nm range 
with a 1 nm step. The selected band enables the acquisition of information about carboxyl 
groups, which absorb near 300 nm, allowing for the differentiation of aldehydes, ketones, 
carboxylic acids, and ester functional groups. The photoacoustic spectra were obtained in 
triplicate for all samples, and the spectra subject to IA analysis are the result of averaging 
the spectra of the three samples. In this work, the amplitude and phase components were 
employed in the IA analysis. 
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Samples
	 Samples were collected from the so-called high mountain region in Veracruz, Mexico, 
as shown in Figure 2. The high mountains region is around 1300 meters above sea level; 
therefore, the weather is favorable for the coffee crop. All samples considered in the study 
were analyzed at cherry stage and red and green cherries were included. This study 
comprises two certified organic coffee varieties as a sample reference: Colombia and Costa 
Rica (S4, S5). Samples fertilized with chemicals, using two fertilizers —one organic and one 
inorganic— were also included in this study. Table 1 shows the main features considered in 
each sample. The study included one sample taken from a cliff that is difficult to access. 

Figure 1. Scheme of the experimental setup used to determine the photoacoustic spectra of the studied samples.

Figure 2. Geographical localization of the samples’ collection point.
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Artificial intelligence
	 The artificial intelligence scheme for detecting fertilizers in coffee cherries through 
photoacoustic spectra is divided into two sections: data preprocessing and machine 
learning. 

	 Data preprocessing
	 Variable selection: The amplitude and phase of the photoacoustic spectra were used 
as inputs. The light wavelength ranged from 300 to 700 nm, and 800 data points were 
acquired for each analyzed sample, from which 400 points correspond to amplitude and 
400 to phase. 
	 Corrupted data: Corrupted or null values can impact the training and performance of 
machine learning algorithms. Therefore, data correction was carried out by identifying 
and removing null values. Interpolation using the two closest points was used to estimate 
the missing or corrupt data. 
	 Data Reduction: An algorithm was designed to reduce the amount of data from the 
photoacoustic spectrum signals. Data reduction was performed using an averaging window. 
	 Normalization: Maxpoling was carried out using 1D signal convolution to reduce the 
number of variables (wavelengths) used for the analysis. It was possible to compress the 
signal from 400 data points per coffee sample to 40 data points per coffee sample. The 
analysis used ten coffee samples, resulting in a 1040 data matrix. A data arrangement 
was used as a training target for each coffee sample, where 0 or 1 was assigned (0coffee 
with fertilizer, 1Organic Coffee). 
	 Data Splitting was performed, with 75% of the data intended for training and 25% for 
testing. Specialized libraries were used to perform this random separation of the data. 
Random separation enables more reliable results regarding the precision obtained. 

Machine learning
	 The Scikit-learn, NumPy, Pandas, Matplotlib, SciPy, Plotly, Seaborn, and 
CatBoost libraries were utilized to develop the intelligent system within the Python 

Table 1. Analyzed samples and main features.

Sample code  Main feature  Fertilizer? 
S1  A robusta sample taken from a cliff, it is considered a fertilizer-free sample.  NO 

S2  A robusta sample taken from a field with ten years of abandonment could 
contain traces of fertilizer.  NO 

S3  A Robusta sample, nitrophosca, and black manure are used as fertilizer.  YES 

S4  Certified Colombia variety sample  NO 

S5  Certified Costa Rica variety sample  NO 

S6  Robusta sample from the local farmer using fertilizers  YES 

S7  Colombia variety from local farmers using fertilizers   YES 

S8  Black fertilizer  NO 

S9  Nitrophosca fertilizer  YES 
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programming environment, facilitating the design, training, and testing of the AI 
algorithms employed. 
	 Because there is no best AI algorithm for all problems, different algorithms were tested 
to find one that suits this particular application better. Logistic regression, Decision tree, 
Random Forest, KNN, RFE, LASSO, Chi2, and Catboost algorithms were tested to 
determine which one best fits the study of the photoacoustic spectrum.
	 Correlation Analysis: Pearson correlation was used to estimate the relationships among 
amplitude and phase of the photoacoustic spectrum of the samples at all wavelengths. 
	 Feature Importance: The feature importance analysis was conducted to determine 
the importance and correlation of each input variable. The feature importance analysis 
identifies the most critical and relevant variables for the classification process. 
	 Model Cross-Validation: This technique involves an algorithm that generates groups of 
variables to evaluate the model. This methodology enables us to identify data groups with 
significant variance that could impact the model’s precision. 
	 Model Estimation: Machine Learning algorithms were used to classify organic coffee 
and coffee with inorganic fertilizers.
	 Hyperparameter optimization: A random search algorithm was employed to determine 
the optimal hyperparameters. Random Search defines a search space in the bounded 
domain and randomly samples points.  

RESULTS
	 Data preprocessing: Optical photoacoustic spectra are shown in Figure 3 for sample 
reference, sample without fertilizers (S1, S4, S5), abandoned field (S2), sample with 
fertilizers (S3, S6, S7), and spectra from two main fertilizers used in the region (S8, S9). 
	 Figure 4 shows the amplitude signal spectra after data reduction. An average window 
was implemented for data reduction, varying the number of samples within the window; 
for simplicity, only the signals’ amplitudes are presented.  

Correlation analysis
	 Pearson correlation analysis of the amplitude and phase of the photoacoustic signals 
indicates that the 380-560 nm wavelength band exhibits the highest amplitude correlation. 
The lowest correlation was found in the range of 300 to 380. Figure 5 shows the 
representation of the principal components for the studied wavelengths. 

Feature importance
	 A feature importance analysis was conducted to determine the importance and 
correlation of each input variable with the output. The feature importance analysis 
identifies the most critical and relevant variables for the classification process. Each 
spectrum was divided into wavelength bands of 10 nm each to implement the feature 
analysis. Each algorithm proposed in this study was applied to the data bands, and the 
number of matches was calculated for each algorithm and wavelength band. Figure 6 
illustrates a graph that classifies the importance of each wavelength in the classification 
process.
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Figure 3. Optical absorption spectra from fertilizers and the analyzed samples; left) images, amplitude, and 
phase of organic samples, right) samples using chemical fertilizers. 

Principal components analysis
	 Principal component analysis identifies which frequency bands are most significant in 
determining whether a coffee sample is organic or contains fertilizers. Various methodologies 
were selected to identify the critical features at the amplitude and phase wavelengths, 
where most methodologies for analyzing essential features were in agreement. In terms 
of amplitude, the most influential bands were 320-330 nm and 560-620 nm. In phase, 
the most influential bands were 530 nm, 610 nm, 380-400 nm, 340 nm, and 550 nm. 
Figure 7 shows the results of the crucial characteristics of the coffee samples, specifically 
the amplitude and phase of the photoacoustic signals.
	 Since the selected hyperparameters significantly impact the machine learning 
algorithms, an automated hyperparameter tuning method was employed to select the 
training parameters. The hyperparameters used in each of the analyzed machine learning 
algorithms are provided in supplementary material S1.
	 Because the photoacoustic signal provides a means to detect the presence of inorganic 
fertilizers, this study lays the groundwork for a potential organic coffee certification. This 
certification could provide economic benefits to the producer while providing certainty to 
the final consumer.
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Figure 4. Spectra of the amplitude signals after data reduction, the dotted orange lines indicate the 
wavelengths using markers.

a b

Figure 5. Principal components analysis: a) Signal amplitude, b) Phase.

DISCUSSION
	 The photoacoustic signal consists of two parts: amplitude and phase, each providing 
distinct information, as the amplitude is related to the optical absorption coefficient. 
In contrast, the phase is mainly related to the depth of absorption of the thermal wave 
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Figure 6. Graph of feature importance of the signals for the different IA techniques: A) amplitude, B) phase.

A B

Figure 7. Graph of Principal Components of the signals.

in the sample. Since the optical absorption originates from the amplitude, this signal 
component is more susceptible to changes in the absorption coefficient of the sample, 
including color, light power, and others. In principal components analysis, helpful 
information can be obtained in the 570-620 nanometer range. For the phase, the bands 
that provide more information about the possible presence of inorganic compounds 
are located at 530-540 and 610-620 nanometers. Feature importance reveals several 
wavelength bands where discrimination between inorganic and organic presence can 
occur. The amplitude signal shows four wavelength bands where the importance is 
higher.  
	 However, as mentioned, the signal amplitude is particularly sensitive to color changes 
in the sample, which can lead to erroneous results. Samples comprising green and red 
cherries were used in this analysis to avoid issues with absorption coefficients. 
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	 The combination of photoacoustic with IA in this specific application eliminates the 
need for searching characteristic peaks or specific absorption bands, thus facilitating the 
determination of the presence of inorganic fertilizers.
	 Because the purpose of this work is not fertilizer quantification or specific compounds 
detection, a profiling approach was used (Kistenev et al., 2017; van der Schee et al., 2015); 
in a similar way to that in clinical settings, a profiling strategy was used to set a positive 
or negative flag in fertilizer content. The PAS in combination with IA under profiling 
strategy appears to be a reliable technique for organic coffee certification or as a quality 
control test.
	 Because there is a lack of a totally controlled free inorganic fertilizer field that provides 
samples, further validation of the results is still necessary. On the other hand, due to 
environmental variability, the obtained results are limited; however, they serve as proof of 
concept for further studies.

CONCLUSIONS
	 Photoacoustic spectroscopy (PAS) combined with artificial intelligence (AI) represents 
a viable and efficient method for detecting inorganic fertilizers. The spectral range 
of 300-800 nm provides an optimal window for PAS, allowing precise differentiation 
of fertilizer compounds based on their optical absorption characteristics. Among the 
machine learning algorithms evaluated, principal component analysis (PCA) proved to 
be the most reliable for distinguishing fertilizer types due to its robustness in handling 
complex spectral data and reducing dimensionality without significant information loss. 
Notably, coffee cherries serve as an effective biological stage for detecting inorganic 
fertilizers, suggesting their potential as natural bioindicators in sustainable agricultural 
monitoring systems.

Author Contributions: Lara G. Conceptualization, Formal analysis, Investigation; Morales K. Visualization, 

Formal analysis, Investigation; Sandoval O. Software, Data Curation; Alonso G. Formal Analysis, Data 

Curation; Flores A. Methodology, Formal Analysis, Writing-reviewing & editing. All authors have read and 

agreed to the published version of the manuscript.

Conflict of Interest: The authors declare there is no conflict of interest.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

REFERENCES
Alessandrini, L., Romani, S., Pinnavaia, G., & Rosa, M. D. (2008). Near infrared spectroscopy: An analytical 

tool to predict coffee roasting degree. Analytica Chimica Acta, 625(1), 95-102. https://doi.org/10.1016/j.
aca.2008.07.013

Arana, V. A., Medina, J., Alarcon, R., Moreno, E., Heintz, L., Schäfer, H., & Wist, J. (2015). Coffee’s country 
of origin determined by NMR: The Colombian case. Food Chemistry, 175, 500–506. https://doi.
org/10.1016/j.foodchem.2014.11.160

Baggenstoss, J., Poisson, L., Kaegi, R., Perren, R., & Escher, F. (2008). Coffee Roasting and Aroma Formation: 
Application of Different Time−Temperature Conditions. Journal of Agricultural and Food Chemistry, 
56(14), 5836-5846. https://doi.org/10.1021/jf800327j



41 AGRO PRODUCTIVIDAD 2025. https://doi.org/10.32854/63v3hq30

Cebi, N., Yilmaz, M. T., Sagdic, O., Yuce, H., & Yelboga, E. (2017). Prediction of peroxide value in omega-3 
rich microalgae oil by ATR-FTIR spectroscopy combined with chemometrics. Food Chemistry, 225, 
188-196. https://doi.org/10.1016/j.foodchem.2017.01.013

Cesar, C. L., Vargas, H., Lima, C. A. S., Mendes Filho, J., & Miranda, L. C. M. (1984). On the use of 
photoacoustic spectroscopy for investigating adulterated or altered powdered coffee samples. Journal of 
Agricultural and Food Chemistry, 32(6), 1355-1358. https://doi.org/10.1021/jf00126a034

Czerny, M., & Grosch, W. (2000). Potent Odorants of Raw Arabica Coffee. Their Changes during Roasting. 
Journal of Agricultural and Food Chemistry, 48(3), 868-872. https://doi.org/10.1021/jf990609n

Delin Orduña, A., Aguila Rodriguez, G., Lara Hernandez, G., Sandoval Gonzalez, O. O., Landeta Escamilla, 
O., Gonzalez Sanchez, B. E., & Flores Cuautle, J. de J. A. (2016). Development and performance 
evaluation of moisture range system for green coffee grains. Cogent Food &amp; Agriculture, 2(1). https://
doi.org/10.1080/23311932.2016.1210067

Eloy Dias, R. C., Valderrama, P., Henrique Março, P., dos Santos Scholz, M. B., Edelmann, M., & Yeretzian, C. 
(2018). Quantitative assessment of specific defects in roasted ground coffee via infrared-photoacoustic 
spectroscopy. Food Chemistry, 255, 132-138. https://doi.org/10.1016/j.foodchem.2018.02.076

Flores Cuautle, J. J. A., Cruz-Orea, A., & Suaste-Gómez, E. (2013). UV Response of (Bi0.5Na0.5)0.935Ba0.065TiO3 
Lead Free Piezoelectric Ceramics. Advanced Science Letters, 19(3), 1052-1054. https://doi.org/10.1166/
asl.2013.4868

Gonzalez-Sanchez, B., Sandoval-Gonzalez, O., Flores Cuautle, J. J. A., Landeta-Escamilla, O., Portillo-
Rodriguez, O., & Aguila-Rodriguez, G. (2023). A Study of the Physical Characteristics and Defects 
of Green Coffee Beans That Influence the Sensory Notes Using Machine Learning Models. Processes, 
12(1), 18. https://doi.org/10.3390/pr12010018

Gordillo-Delgado, F., Bedoya, A., & Marín, E. (2016). Study of the Pigments in Colombian Powdered Coffee 
Using Photoacoustic Spectroscopy. International Journal of Thermophysics, 38(1). https://doi.org/10.1007/
s10765-016-2144-z

Hernández-Aguilar, C., Domínguez-Pacheco, A., Cruz-Orea, A., & Ivanov, R. (2019). Photoacoustic 
Spectroscopy in the Optical Characterization of Foodstuff: A Review. Journal of Spectroscopy, 2019, 
1-34. https://doi.org/10.1155/2019/5920948

Ikegwu, T. M., Nkama, I., & Gabriel Okafor, I. (2023). Comparative Studies of the Proximate, Microscopic 
and Thermal Properties of Processed Maize, Wheat, Millet, Cassava and Bambara Nut Flours. Acta 
Scientifci Nutritional Health, 7(2), 38-47. https://doi.org/10.31080/asnh.2023.07.1186

International Coffee Organization. (2021a). Coffee Development Report 2020. https://www.ico.org/documents/
cy2020-21/ed-2357e-cdr-2020.pdf

International Coffee Organization. (2021b). Coffee Market Report November 2021. https://www.ico.org/
documents/cy2021-22/cmr-1121-e.pdf

Ishihara, M., Sato, M., Sato, S., Kikuchi, T., Fujikawa, K., & Kikuchi, M. (2003). Viscoelastic Characterization 
of Biological Tissue by Photoacoustic Measurement. Japanese Journal of Applied Physics, 42(Part 2, No. 
5B), L556–L558. https://doi.org/10.1143/jjap.42.l556

Jiménez-Pérez, J. L., Jiménez-Pérez, J., Brancamontes Cruz, A., Cruz-Orea, A., & Mendoza-Alvarez, J. 
G. (2004). Photoacoustic Analysis of Pigments from Archeological Ceramics. International Journal of 
Thermophysics, 25(2), 503-510. https://doi.org/10.1023/b:ijot.0000028485.14294.e7

Kistenev, Y. V., Borisov, A. V., Kuzmin, D. A., Penkova, O. V., Kostyukova, N. Y., & Karapuzikov, A. A. 
(2017). Exhaled air analysis using wideband wave number tuning range infrared laser photoacoustic 
spectroscopy. Journal of Biomedical Optics, 22(1), 017002. https://doi.org/10.1117/1.jbo.22.1.017002

Lara-Hernandez, G., Benavides-Parra, J. C., Arias, N. P., Miranda Hernández, J. G., Gonzalez Moran, C. 
O., Cruz-Orea, A., Suaste-Gomez, E., & Flores-Cuautle, J. J. A. (2017). Influence of poling voltage on 
optical absorption spectra, thermal properties, and structure of PLZT ceramics. Ferroelectrics, 507(1), 
159-171. https://doi.org/10.1080/00150193.2017.1283724

Lara Hernández, G., Hernández Aguilar, C., Domínguez Pacheco, A., Martínez Sibaja, A., Cruz Orea, A., & 
Flores Cuautle, J. J. A. (2023). Thermal properties of maize seed components. Cogent Food & Agriculture, 
9(1), 2231681. https://doi.org/10.1080/23311932.2023.2231681 

Linhares, F. G., Lima, M. A., Mothe, G. A., de Castro, M. P. P., da Silva, M. G., & Sthel, M. S. (2019). 
Photoacoustic spectroscopy for detection of N2O emitted from combustion of diesel/beef tallow 
biodiesel/sugarcane diesel and diesel/beef tallow biodiesel blends. Biomass Conversion and Biorefinery, 
9(3), 577-583. https://doi.org/10.1007/s13399-019-00372-x

Rosencwaig, A. (1978). Photoacoustic Spectroscopy. In Advances in Electronics and Electron Physics Volume 
46 (pp. 207-311). Elsevier. https://doi.org/10.1016/s0065-2539(08)60413-8



42 AGRO PRODUCTIVIDAD 2025. https://doi.org/10.32854/63v3hq30

Rosencwaig, A. (1980). Photoacoustic Spectroscopy. Annual Review of Biophysics and Bioengineering, 9(1), 31-54. 
https://doi.org/10.1146/annurev.bb.09.060180.000335

Schenker, S., Heinemann, C., Huber, M., Pompizzi, R., Perren, R., & Escher, R. (2002). Impact of Roasting 
Conditions on the Formation of Aroma Compounds in Coffee Beans. Journal of Food Science, 67(1), 60-
66. https://doi.org/10.1111/j.1365-2621.2002.tb11359.x

Tepepa Briseño B., Marín, E., San Martín-Martínez, E., & Cruz Orea, A. (2009). Thermal Wave Resonator 
Cavity Applied to the Study of the Thermal Diffusivity of Coffee Infusions. International Journal of 
Thermophysics, 30(5), 1591-1597. https://doi.org/10.1007/s10765-009-0629-8

van der Schee, M. P., Paff, T., Brinkman, P., van Aalderen, W. M. C., Haarman, E. G., & Sterk, P. J. (2015). 
Breathomics in Lung Disease. Chest, 147(1), 224-231. https://doi.org/10.1378/chest.14-0781

Yeretzian, C., Jordan, A., Badoud, R., & Lindinger, W. (2002). From the green bean to the cup of coffee: 
Investigating coffee roasting by on-line monitoring of volatiles. European Food Research and Technology, 
214(2), 92-104. https://doi.org/10.1007/s00217-001-0424-7

Zegadi, A., Slifkin, M., Djamin, M., Tomlinson, R., & Neumann, H. (1992). Photoacoustic spectroscopy 
of defect states in CuInSe2 single crystals. Solid State Communications, 83(8), 587-591. https://doi.
org/10.1016/0038-1098(92)90657-u


	_GoBack
	_yn9k4vuauvsb
	_ed1rvd8ia2sc
	_lswqcc75zsbr
	_uwevkt2qhii9
	_fh87klpf67lb
	_ljwkg2qzm7if
	_dcgl2trmwv2e
	_2e4trfwzhbn9
	_bq29px2wwhwj
	_9drytvzc2h9a
	_lfzl5ofm3mb
	_j3y21o8hsnne
	_qc7d6ujiiaqs
	_wug8n4ev637q
	_br2ksuvjkk5v
	_z6fmqkt5s7zr
	_jov7pb8nk77a
	_qupje7cn0v5k
	_fu23mzxr3q8j
	_u173a9bihxk1
	_u6ox93xru88p
	_14vgkc83ay44
	_nc2rvijai6c2
	_4vp3icyzn6qc
	_nk46eqfg6sou
	_epv6w8andvin
	_4szxaucq8z9d
	_vx764zo373dz
	_xc5873a4cw41
	_j6pcxzxaj4ie
	_bso8q03td0n5
	_w4rxrhad8kk4
	_uzjpmejg6665
	_3jv4um1x9b99
	_wy5tdp4jswh1
	_bi3frvji87z2
	_58ekvad8236t
	_l0u6jjxej40g
	_e94hz9yb6282
	_4mp12slbmsj4
	_butlmknid2s5
	_42j9u8jn5m7j
	_lky8hn1wtjsd
	_y4f6n4q2gri2
	_w1x3my7q3dhv
	_1214ushdkhmd
	_l6f7j5up0k76
	_ud4jc78xuns7
	_88x2kf2x47ka
	_5cyo33e3wim
	_sof6d66d1zv6
	_c1aqie2oyc51
	_rt2gfqbovxwg
	_rw29p47872rj
	_tntqdgpz9dwy
	_q1m09iyapncf
	_8wjsi74gthcf
	_czdaoxleihtd
	_58fxpfc9rr3q
	_rt2gfqbovxwg
	_Hlk210399005
	_Hlk210399024
	_Hlk210398994
	_Hlk210744955
	_Hlk210385673
	_Hlk210720293
	_Hlk210747248
	_Hlk210397308
	_Hlk210398962
	_Hlk210752417
	_Hlk210745701
	_Hlk208298836
	_Hlk211925326
	_Hlk211926139
	_Hlk211001966
	_Hlk211928524
	_Hlk211002048
	_Hlk211002063
	_Hlk211002095
	_Hlk211002315
	_Hlk211002323
	_Hlk211525215
	_Hlk210833615
	_Hlk210839683
	_Hlk211925822
	_Hlk210983570
	_Hlk210834758
	_Hlk210840719
	_Hlk210985073
	_Hlk210915268
	_Hlk211002655
	_Hlk211237760
	_Hlk206761175
	_Hlk211422347
	_Hlk211412883
	_Hlk211237803
	_Hlk211237776
	_Hlk208556963
	_Hlk209685263
	_Hlk210147111
	_Hlk211807952
	_Hlk211809155
	_Hlk211809169
	_Hlk211812980
	_Hlk211816525
	_Hlk211816802
	_Hlk210130656
	_Hlk211457019
	_Hlk211371212
	_Hlk212583707
	_Hlk212550401
	_Hlk213396395
	_Hlk208556963
	_Ref12617844
	_Ref12667490
	_Hlk214449322
	_Hlk213396395
	_Hlk214041989
	_Hlk208556963
	_Hlk213887684
	_Hlk214018036
	_Hlk213892252
	_Hlk213888023
	_Hlk213973825
	_Hlk213868469
	_Hlk213888160
	_Hlk213875272
	_Hlk213893147
	_Hlk213875415
	_Hlk213893507
	_Hlk213974040
	_Hlk212462728
	_Hlk213875615
	_Hlk213884250
	_Hlk213887499
	_Hlk213884570
	_Hlk213971916
	_Hlk213885105
	_Hlk213887665
	_Hlk213891466
	_Hlk212393600
	_Hlk214018345
	_Hlk214018296
	_Hlk214828430
	_Hlk214828960
	_Hlk214831594
	_Hlk214831561
	_Hlk214831512
	_Hlk214832475
	_Hlk214831359
	_Hlk211978113

