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Indoor environmental quality (IEQ) and occupancy are usually characterized for a single 

room, yet real buildings comprise many zones that may differ substantially, with direct 

consequences for zoned heating, ventilation and air-conditioning control. This study 

quantified the spatial and temporal variation of IEQ and occupancy across a five-node, 

low-cost sensor network deployed in five offices. Each node logged temperature, 

humidity, illuminance, motion and a fused occupancy state every minute, yielding 

56,173 validated records over 8 days, from which the apparent temperature (heat index) 

and thermal-comfort compliance were derived. Differences between offices were tested 

with one-way analysis of variance, the non-parametric Kruskal–Wallis test and Tukey 

honestly-significant-difference post-hoc comparisons, and the offices were grouped by 

Ward hierarchical clustering. All four variables differed significantly between offices (p 

< 0.001). Temperature differed in 10 of 10 pairwise comparisons, mean temperature 

spanned 30.5–31.1 °C and occupancy ranged from 54% to 75% of the time. Temperature 

and humidity were strongly anti-correlated (r = -0.78). No office met the conventional 

comfort envelope for an appreciable share of the time, and the heat index exceeded the 

caution threshold almost throughout. Clustering separated one low-occupancy office 

from the rest. The results show that single-zone assumptions are unsafe and that spatially 

resolved monitoring is required for effective, zone-aware building management. 
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INTRODUCTION 

Buildings consume close to 40% of global energy, much of it 

for heating, ventilation, air-conditioning (HVAC) and 

lighting that maintain indoor environmental quality (IEQ) 

(Pérez-Lombard et al., 2008). IEQ principally temperature, 

humidity and illuminance governs both energy use and 

occupant comfort, productivity and health (de Dear & Brager, 

2002; Yang et al., 2014), and occupancy is the most 

actionable determinant of when conditioning is actually 

needed (Gunay et al., 2013; Hong et al., 2016). Low-cost 

Internet-of-Things sensing now makes it feasible to measure 

these quantities continuously and at scale (Adoga et al., 2025; 

Metallidou et al., 2020; Minoli et al., 2017; Mohammed et al., 

2026; Verma et al., 2019). 

Most of the monitoring and occupancy studies, however, 

characterize a single room or zone (Candanedo & Feldheim, 

2016; Sahar et al., 2026; Sowmya et al., 2021; Usman et al., 

2025). Real buildings comprise many zones whose 

orientation, use, equipment and occupancy schedules differ, 

so a building-wide average can conceal substantial spatial 

variation. This matters because modern control is increasingly 

zoned and occupant-centric: if zones differ, a single setpoint 

or schedule is necessarily suboptimal (Esrafilian-Najafabadi 

& Haghighat, 2021; Naylor et al., 2018; Park & Nagy, 2018). 

Reviews of occupancy measurement and building energy 

management repeatedly note the scarcity of multi-zone, 

comparative field evidence (Chen et al., 2018; Salimi & 

Hammad, 2019; Sun et al., 2020), and the need is sharper in 

warm, humid, naturally conditioned settings that are under-

represented in the literature (Halhoul Merabet et al., 2021; 

Shaikh et al., 2014). 

This study addresses that gap by quantifying, with formal 

statistical testing, how IEQ and occupancy vary across five 

simultaneously monitored offices served by a common low-

cost sensor network (Dinmohammadi et al., 2025; Rocha et 

al., 2015). The objectives are to: (i) characterize and compare 

the distributions of temperature, humidity, illuminance and 

apparent temperature across the offices; (ii) test whether the 

differences are statistically significant and quantify their 

magnitude; (iii) compare occupancy and diurnal rhythms 

between offices; and (iv) group the offices by their 

environmental and occupancy signatures to reveal typologies 

relevant to zoned control. Establishing the extent of inter-zone 

heterogeneity provides the evidence base for spatially 

resolved, occupant-centric building management (Tien et al., 

2022; Zhang et al., 2022). 

 

MATERIALS AND METHODS 

Sensor Network and Data 

Five low-cost edge nodes, each combining an SHT45 

temperature–humidity sensor (Sensirion AG, 2022), a 

VEML7700 ambient-light sensor (Vishay Semiconductors, 

2019) and a passive infrared motion sensor on a Raspberry Pi, 

were deployed one per office and sampled every 60 s, logging 

temperature (°C), relative humidity (%), illuminance (lux), a 

binary motion flag and a fused occupancy state. After parsing, 

de-duplication and validation, 56,173 records spanning 8 days 

were retained; short, isolated gaps in illuminance were 

linearly interpolated. 

FUDMA Journal of Sciences (FJS) 

ISSN online: 2616-1370 

ISSN print: 2645 - 2944 

Vol. 10 No. 11, June, 2026, pp 353 – 358 

DOI: https://doi.org/10.33003/fjs-2026-1011-5339   

mailto:ahmedmhd686@gsu.edu.ng
https://orcid.org/0009-0009-1394-1719
https://doi.org/10.33003/fjs-2026-1011-5339


Spatial and Temporal Variation of Indoor…         Mohammed et al., FJS 

FUDMA Journal of Sciences (FJS) Vol. 10 No. 11, June, 2026, pp 353 – 358 354 

Derived Comfort Indices 

Thermal comfort was assessed against the conventional 

cooling-season envelope (23–26 °C, 30–60% relative 

humidity) (ASHRAE, 2017; Schiavon et al., 2014). The 

apparent temperature (heat index, HI) was computed from 

temperature T (°F) and relative humidity φ (%) using the 

Rothfusz regression (Rothfusz, 1990) (Eq. 1), converted to 

°C, with HI > 27 °C taken as the onset of heat caution: 

𝐻𝐼 = 𝑐1 + 𝑐2𝑇 + 𝑐3𝜑 + 𝑐4𝑇𝜑 + 𝑐5𝑇
2 + 𝑐6𝜑

2 + 𝑐7𝑇
2𝜑 +

𝑐8𝑇𝜑
2 + 𝑐9𝑇

2𝜑2    (1) 

where c₁…c₉ are the standard coefficients. 

 

Statistical Analysis 

Per-office distributions were summarized by mean, standard 

deviation and quartiles. Differences between offices were 

tested for each variable with one-way analysis of variance 

(ANOVA) and the non-parametric Kruskal–Wallis H test; 

effect size was reported as eta-squared (η²). Pairwise 

differences were localized with Tukey honestly-significant-

difference (HSD) tests at α = 0.05. Pearson correlations 

quantified inter-variable coupling. Finally, the offices were 

grouped by Ward hierarchical clustering on standardized 

mean temperature, humidity, illuminance, occupancy and 

motion, to reveal environmental–occupancy typologies (Chen 

et al., 2018; Saha et al., 2019). Analyses used Python (pandas, 

SciPy, statsmodels, scikit-learn). 

 

RESULTS AND DISCUSSION 

Environmental Conditions Differ Between Offices 

All five offices were warm and humid, but their distributions 

differed markedly (Figure 1, Table 1). Mean temperature 

ranged from 30.5 °C to 31.1 °C and mean humidity from 

66.9% to 70.5%, while median illuminance varied several-

fold, reflecting differing daylight exposure. One-way 

ANOVA confirmed highly significant between-office 

differences for temperature (F = 802, p < 0.001, η² = 0.05), 

humidity (F = 1351, p < 0.001), illuminance (F = 160, p < 

0.001) and heat index (F = 643, p < 0.001), corroborated by 

the Kruskal–Wallis test (all p < 0.001; Table 2). Tukey HSD 

localized the temperature differences to 10 of 10 office pairs, 

confirming that the heterogeneity is pervasive rather than 

driven by a single outlier. 

 

 
Figure 1: Distributions of (a) Temperature, (b) Humidity and (c) Illuminance by Office; 

Shaded Bands Mark the ASHRAE Comfort Ranges 

 

Table 1: Per-Office Descriptive Statistics (Mean ± SD) and Occupancy 

Office Temp (°C) RH (%) Light (lux, median) Heat index (°C) Occupied (%) 

O1 31.1 ± 0.7 66.9 ± 3.8 20 36.9 75 

O2 31.0 ± 0.8 68.2 ± 3.8 17 36.9 54 

O3 31.0 ± 0.7 69.0 ± 3.9 30 37.3 58 

O4 30.9 ± 1.1 67.8 ± 4.5 20 36.6 66 

O5 30.5 ± 0.7 70.5 ± 4.1 26 36.5 66 

 

Table 2: Between-Office Difference Tests (ANOVA and Kruskal–Wallis) 

Variable ANOVA F p (ANOVA) Kruskal–Wallis H p (KW) η² 

Temp 802 <0.001 3304 <0.001 0.054 

Hum 1351 <0.001 5869 <0.001 0.088 

Light 160 <0.001 444 <0.001 0.011 

HI 643 <0.001 2560 <0.001 0.044 

 

Diurnal Rhythms and Occupancy Vary Spatially 

The offices also differed in their daily rhythms (Figure 2). 

Temperature peaked in the afternoon in every office but with 

office-specific amplitude, and occupancy profiles were 

distinct in both level and timing. Aggregate occupancy ranged 

from 54% (Office 2) to 75% (Figure 3), and the motion-

activity rate varied correspondingly. The office–hour 

occupancy heatmap (Figure 4) shows that peak-use windows 

are not aligned across offices, which is precisely the condition 

under which a single building-wide HVAC/lighting schedule 

wastes energy in some zones while under-serving others 

(Ghahramani et al., 2016; Mirakhorli & Dong, 2016; Pang et 

al., 2021). 
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Figure 2: Diurnal Profiles by Office: (a) Mean Temperature and (b) Occupancy 

Probability Versus Hour of Day 

 

 
Figure 3: Aggregate Occupancy and PIR Motion-Activity Rate by Office 

 

 
Figure 4: Occupancy Probability by Office and Hour of Day, Showing 

Misaligned Peak-Use Windows Across Zones 

 

Thermal Comfort and Variable Coupling 

No office met the combined comfort envelope for an 

appreciable fraction of the time, and the heat index exceeded 

the 27 °C caution threshold almost throughout in every office 

(Figure 5), confirming a building-wide comfort deficit on top 

of the spatial variation. Temperature and humidity were 

strongly anti-correlated across the pooled data (r = -0.78; 

Figure 6), the expected psychrometric signature, whereas 

illuminance and occupancy were only weakly coupled, 

indicating that lighting was driven more by daylight and fixed 

schedules than by presence (Candanedo & Feldheim, 2016; 

Rafsanjani et al., 2020).

 

 
Figure 5: Thermal-Comfort Compliance by Office: Time Within 23–26 °C 

Versus Time with Heat Index Above 27 °C 
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Figure 6: Pearson Correlation Matrix of Environmental 

and Occupancy Variables (Pooled Across Offices) 

 

Office Typologies 

Ward clustering on the standardized environmental–

occupancy signatures separated the offices into two groups 

(Figure 7): a majority cluster of comparable, higher-

occupancy rooms and a distinct low-occupancy, low-activity 

office (Office 5). This typology is actionable: zones in 

different clusters warrant different control strategies and 

commissioning priorities, and the outlier office is a candidate 

for schedule revision or re-purposing (Naylor et al., 2018; 

Salimi & Hammad, 2019). The finding operationalizes the 

central message of the study that spatially resolved 

monitoring exposes structure that single-zone studies cannot. 

 

 
Figure 7: (a) Ward Dendrogram of Offices and (b) Office Positioning in the 

Temperature–Occupancy Plane, Separating One Low-Occupancy Office 

 

Taken together, the results demonstrate statistically 

significant, pervasive spatial heterogeneity in both IEQ and 

occupancy across nominally similar offices in the same 

building. This challenges the single-zone assumption 

common in the literature (Candanedo & Feldheim, 2016; Sun 

et al., 2020) and supports zone-aware, occupant-centric 

control and commissioning (Esrafilian-Najafabadi & 

Haghighat, 2021; Park & Nagy, 2018; Tien et al., 2022). The 

short, single-site observation window is a limitation; longer, 

multi-building campaigns and the integration of these 

signatures into closed-loop control are important next steps. 

 

CONCLUSION 

Across a five-node office sensor network logging 56,173 

minute-resolution records, indoor environmental quality and 

occupancy varied significantly between offices: all measured 

variables differed at p < 0.001, temperature differed in 10 of 

10 office pairs, occupancy ranged from 54% to 75%, and 

clustering isolated one low-occupancy office. A building-

wide comfort deficit (heat index above caution almost 

throughout) coexisted with this spatial variation. The findings 

show that single-zone characterizations are unsafe 

generalizations and that spatially resolved, low-cost 

monitoring is necessary for effective zone-aware building 

management. Limitations include the short, single-site 

window and the use of a firmware-derived occupancy label; 

future work will extend the campaign across seasons and 

buildings and couple the zone typologies to closed-loop 

HVAC and lighting control. 

 

ACKNOWLEDGEMENT 

The authors thank the Department of Computer Science, 

Gombe State University, for the facilities used to deploy the 

sensor network. 

 

FUNDING ACKNOWLEDGEMENT 

This research was funded by the Tertiary Education Trust 

Fund (TETFund) through the Institution-Based Research 

(IBR) Intervention. The authors gratefully acknowledge 

TETFund for the financial support. 

 

REFERENCES 

Adoga, H. U., Ogbonoko, J. F., & Dauda, A. (2025). An edge-

cloud task offloading framework for heterogeneous smart 

home IoT networks. FUDMA Journal of Sciences, 9(10), 

154–159. https://doi.org/10.33003/fjs-2025-0910-3918  

 

ASHRAE. (2017). ANSI/ASHRAE Standard 55-2017: 

Thermal environmental conditions for human occupancy. 

American Society of Heating, Refrigerating and Air-

https://doi.org/10.33003/fjs-2025-0910-3918


Spatial and Temporal Variation of Indoor…         Mohammed et al., FJS 

FUDMA Journal of Sciences (FJS) Vol. 10 No. 11, June, 2026, pp 353 – 358 357 

Conditioning Engineers. https://pdfcoffee.com/ansiashrae-

standard-55-2017-thermal-environmental-conditions-for-

human-occupancy-pdf-free.html 

 

Candanedo, L. M., & Feldheim, V. (2016). Accurate 

occupancy detection of an office room from light, 

temperature, humidity and CO2 measurements using 

statistical learning models. Energy and Buildings, 112, 28–

39. https://doi.org/10.1016/j.enbuild.2015.11.071 

 

Chen, Z., Jiang, C., & Xie, L. (2018). Building occupancy 

estimation and detection: A review. Energy and Buildings, 

169, 260–270. https://doi.org/10.1016/j.enbuild.2018.03.084 

 

de Dear, R., & Brager, G. S. (2002). Thermal comfort in 

naturally ventilated buildings: Revisions to ASHRAE 

Standard 55. Energy and Buildings, 34(6), 549–561. 

https://doi.org/10.1016/S0378-7788(02)00005-1 

 

Dinmohammadi, F., Farook, A. M., & Shafiee, M. (2025). 

Improving energy efficiency in buildings with an IoT-based 

smart monitoring system. Energies, 18(5), 1269. 

https://doi.org/10.3390/en18051269 

 

Esrafilian-Najafabadi, M., & Haghighat, F. (2021). 

Occupancy-based HVAC control systems in buildings: A 

state-of-the-art review. Building and Environment, 197, 

107810. https://doi.org/10.1016/j.buildenv.2021.107810 

 

Ghahramani, A., Zhang, K., Dutta, K., Yang, Z., & Becerik-

Gerber, B. (2016). Energy savings from temperature setpoints 

and deadband: Quantifying the influence of building and 

system properties on savings. Applied Energy, 165, 930–942. 

https://doi.org/10.1016/j.apenergy.2015.12.115 

 

Gunay, H. B., O'Brien, W., & Beausoleil-Morrison, I. (2013). 

A critical review of observation studies, modeling, and 

simulation of adaptive occupant behaviors in offices. 

Building and Environment, 70, 31–47. 

https://doi.org/10.1016/j.buildenv.2013.07.020 

 

Halhoul Merabet, G., Essaaidi, M., Ben Haddou, M., 

Qolomany, B., Qadir, J., Anan, M., Al-Fuqaha, A., Abid, M. 

R., & Benhaddou, D. (2021). Intelligent building control 

systems for thermal comfort and energy-efficiency: A 

systematic review. Renewable and Sustainable Energy 

Reviews, 144, 110969. 

https://doi.org/10.1016/j.rser.2021.110969 

 

Hong, T., Taylor-Lange, S. C., D'Oca, S., Yan, D., & 

Corgnati, S. P. (2016). Advances in research and applications 

of energy-related occupant behavior in buildings. Energy and 

Buildings, 116, 694–702. 

https://doi.org/10.1016/j.enbuild.2015.11.052 

 

Metallidou, C. K., Psannis, K. E., & Egyptiadou, E. A. (2020). 

Energy efficiency in smart buildings: IoT approaches. IEEE 

Access, 8, 63679–63699. 

https://doi.org/10.1109/ACCESS.2020.2984461 

 

Minoli, D., Sohraby, K., & Occhiogrosso, B. (2017). IoT 

considerations, requirements, and architectures for smart 

buildings—Energy optimization and next-generation building 

management systems. IEEE Internet of Things Journal, 4(1), 

269–283. https://doi.org/10.1109/JIOT.2017.2647881 

 

Mirakhorli, A., & Dong, B. (2016). Occupancy behavior 

based model predictive control for building indoor climate—

A critical review. Energy and Buildings, 129, 499–513. 

https://doi.org/10.1016/j.enbuild.2016.07.036 

 

Mohammed, A., Sarban Singh, R. S., Aslam, S., Wong, Y. C., 

Anand, T. J. S., & Ahmed, M. K. (2026). Next generation 

solar photovoltaic monitoring systems: A scoping review on 

techniques, technologies, usability and security issues. Jurnal 

Kejuruteraan, 38(2), 779–796. 

https://doi.org/10.17576/jkukm-2026-38(2)-25 

 

Naylor, S., Gillott, M., & Lau, T. (2018). A review of 

occupant-centric building control strategies to reduce 

building energy use. Renewable and Sustainable Energy 

Reviews, 96, 1–10. https://doi.org/10.1016/j.rser.2018.07.019 

 

Pang, Z., Chen, Y., Zhang, J., O'Neill, Z., Cheng, H., & Dong, 

B. (2021). How much HVAC energy could be saved from the 

occupant-centric smart home thermostat: A nationwide 

simulation study. Applied Energy, 283, 116251. 

https://doi.org/10.1016/j.apenergy.2020.116251 

 

Park, J. Y., & Nagy, Z. (2018). Comprehensive analysis of the 

relationship between thermal comfort and building control 

research – A data-driven literature review. Renewable and 

Sustainable Energy Reviews, 82, 2664–2679. 

https://doi.org/10.1016/j.rser.2017.09.102 

 

Pérez-Lombard, L., Ortiz, J., & Pozo, C. (2008). A review on 

buildings energy consumption information. Energy and 

Buildings, 40(3), 394–398. 

https://doi.org/10.1016/j.enbuild.2007.03.007 

 

Rafsanjani, H. N., Ghahramani, A., & Nabizadeh, A. H. 

(2020). iSEA: IoT-based smartphone energy assistant for 

prompting energy-aware behaviors in commercial buildings. 

Applied Energy, 266, 114892. 

https://doi.org/10.1016/j.apenergy.2020.114892 

 

Rocha, P., Siddiqui, A., & Stadler, M. (2015). Improving 

energy efficiency via smart building energy management 

systems: A comparison with policy measures. Energy and 

Buildings, 88, 203–213. 

https://doi.org/10.1016/j.enbuild.2014.11.077 

 

Rothfusz, L. P. (1990). The heat index equation (NWS 

Technical Attachment SR/SSD 90-23). National Weather 

Service, NOAA. 

 

Saha, H., Florita, A. R., Henze, G. P., & Sarkar, S. (2019). 

Occupancy sensing in buildings: A review of data analytics 

approaches. Energy and Buildings, 188–189, 278–285. 

https://doi.org/10.1016/j.enbuild.2019.02.030  

 

Sahar, M. N. H., Sulaiman, N. A., & Kassim, M. (2026). 

Small scale IoT-based energy monitoring system. Jurnal 

Kejuruteraan, 38(1), 181–188. 

https://doi.org/10.17576/jkukm-2026-38(1)-17 

 

Salimi, S., & Hammad, A. (2019). Critical review and 

research roadmap of office building energy management 

based on occupancy monitoring. Energy and Buildings, 182, 

214–241. https://doi.org/10.1016/j.enbuild.2018.10.007 

 

Schiavon, S., Hoyt, T., & Piccioli, A. (2014). Web application 

for thermal comfort visualization and calculation according to 

https://pdfcoffee.com/ansiashrae-standard-55-2017-thermal-environmental-conditions-for-human-occupancy-pdf-free.html
https://pdfcoffee.com/ansiashrae-standard-55-2017-thermal-environmental-conditions-for-human-occupancy-pdf-free.html
https://pdfcoffee.com/ansiashrae-standard-55-2017-thermal-environmental-conditions-for-human-occupancy-pdf-free.html
https://doi.org/10.1016/j.enbuild.2015.11.071
https://doi.org/10.1016/j.enbuild.2018.03.084
https://doi.org/10.1016/S0378-7788(02)00005-1
https://doi.org/10.3390/en18051269
https://doi.org/10.1016/j.buildenv.2021.107810
https://doi.org/10.1016/j.apenergy.2015.12.115
https://doi.org/10.1016/j.buildenv.2013.07.020
https://doi.org/10.1016/j.rser.2021.110969
https://doi.org/10.1016/j.enbuild.2015.11.052
https://doi.org/10.1109/ACCESS.2020.2984461
https://doi.org/10.1109/JIOT.2017.2647881
https://doi.org/10.1016/j.enbuild.2016.07.036
https://doi.org/10.17576/jkukm-2026-38(2)-25
https://doi.org/10.1016/j.rser.2018.07.019
https://doi.org/10.1016/j.apenergy.2020.116251
https://doi.org/10.1016/j.rser.2017.09.102
https://doi.org/10.1016/j.enbuild.2007.03.007
https://doi.org/10.1016/j.apenergy.2020.114892
https://doi.org/10.1016/j.enbuild.2014.11.077
https://doi.org/10.1016/j.enbuild.2019.02.030
https://doi.org/10.17576/jkukm-2026-38(1)-17
https://doi.org/10.1016/j.enbuild.2018.10.007


Spatial and Temporal Variation of Indoor…         Mohammed et al., FJS 

FUDMA Journal of Sciences (FJS) Vol. 10 No. 11, June, 2026, pp 353 – 358 358 

 ©2026 This is an Open Access article distributed under the terms of the Creative Commons Attribution 4.0 
International license viewed via https://creativecommons.org/licenses/by/4.0/ which  permits  unrestricted  use,  
distribution,  and  reproduction  in  any  medium, provided the original work is cited appropriately.  

ASHRAE Standard 55. Building Simulation, 7(4), 321–334. 

https://doi.org/10.1007/s12273-013-0162-3 

 

Sensirion AG. (2022). Datasheet SHT4x: Humidity and 

temperature sensor. Sensirion AG. 

 

Shaikh, P. H., Nor, N. B. M., Nallagownden, P., Elamvazuthi, 

I., & Ibrahim, T. (2014). A review on optimized control 

systems for building energy and comfort management of 

smart sustainable buildings. Renewable and Sustainable 

Energy Reviews, 34, 409–429. 

https://doi.org/10.1016/j.rser.2014.03.027 

 

Sowmya, K. V., Teju, V., Pavan, T. N. V. S., Prasad, G. S. D., 

& Krishna, P. V. (2021). IoT based energy monitoring in 

smart home using mobile application. In 2021 3rd 

International Conference on Advances in Computing, 

Communication Control and Networking (ICACCCN). IEEE. 

https://doi.org/10.1109/ICAC3N53548.2021.9725622 

 

Sun, K., Zhao, Q., & Zou, J. (2020). A review of building 

occupancy measurement systems. Energy and Buildings, 216, 

109965. https://doi.org/10.1016/j.enbuild.2020.109965 

 

Tien, P. W., Wei, S., Darkwa, J., Wood, C., & Calautit, J. K. 

(2022). Machine learning and deep learning methods for 

enhancing building energy efficiency and indoor 

environmental quality – A review. Energy and AI, 10, 

100198. https://doi.org/10.1016/j.egyai.2022.100198 

 

Usman, A. S., Abubakar, N., Adua, A. M., & Jarere, U. M. 

(2025). A low cost IoT-based smart energy monitoring and 

load management system for residential and small scale 

applications: A case study at Abdullahi Fodio University of 

Science and Technology, Aliero. FUDMA Journal of 

Sciences, 9(10), 122–124. https://doi.org/10.33003/fjs-2025-

0910-3999 

 

Verma, A., Prakash, S., Srivastava, V., Kumar, A., & 

Mukhopadhyay, S. C. (2019). Sensing, controlling, and IoT 

infrastructure in smart building: A review. IEEE Sensors 

Journal, 19(20), 9036–9046. 

https://doi.org/10.1109/JSEN.2019.2922409 

 

Vishay Semiconductors. (2019). VEML7700: High accuracy 

ambient light sensor with I2C interface (Document 84286). 

Vishay Intertechnology. 

 

Yang, L., Yan, H., & Lam, J. C. (2014). Thermal comfort and 

building energy consumption implications – A review. 

Applied Energy, 115, 164–173. 

https://doi.org/10.1016/j.apenergy.2013.10.062 

 

Zhang, W., Wu, Y., & Calautit, J. K. (2022). A review on 

occupancy prediction through machine learning for 

enhancing energy efficiency, air quality and thermal comfort 

in the built environment. Renewable and Sustainable Energy 

Reviews, 167, 112704. 

https://doi.org/10.1016/j.rser.2022.112704.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s12273-013-0162-3
https://doi.org/10.1016/j.rser.2014.03.027
https://doi.org/10.1109/ICAC3N53548.2021.9725622
https://doi.org/10.1016/j.enbuild.2020.109965
https://doi.org/10.1016/j.egyai.2022.100198
https://doi.org/10.33003/fjs-2025-0910-3999
https://doi.org/10.33003/fjs-2025-0910-3999
https://doi.org/10.1109/JSEN.2019.2922409
https://doi.org/10.1016/j.apenergy.2013.10.062
https://doi.org/10.1016/j.rser.2022.112704


  H I =   c 1 +   c 2 T +   c 3 𝜑 +   c 4 T 𝜑 +   c 5   T 2 +   c 6   𝜑 2 +   c 7   T 2 𝜑 +   c 8 T   𝜑 2 +   c 9   T 2   𝜑 2

