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Abstract 

Energy-intelligent building control is widely advocated as a key strategy for reducing 
building energy use and associated carbon emissions. However, empirical evidence from 
real buildings remains relatively scarce and is often affected by methodological limita-
tions. This study reports a 92-day field experiment on the 14th floor of an office building 
in Shenzhen, China, where an Internet of Things (IoT) and edge-computing-based intelli-
gent building environmental control system was deployed to manage lighting and HVAC. 
An A-B-A experimental design was implemented in summer 2022, comprising two intel-
ligent-control phases (A1 and A2, July and September) and one intermediate manual-con-
trol phase (B, August) during which the intelligent algorithms were disabled without no-
tifying occupants. Aggregated monthly runtimes show average energy-saving potential 
ratios of approximately 25.98% for lighting and 19.50% for HVAC when the intelligent 
system is active. As this study was conducted on a single office floor in one building, the 
results should be interpreted as proof-of-concept field evidence for this specific opera-
tional and climatic context rather than as directly generalizable performance estimates for 
all office buildings. The study further highlights methodological considerations for future 
field evaluations, including the influence of outdoor climate, occupancy patterns and ex-
perimental design choices. The findings provide a real-world empirical case of the energy-
saving potential performance of intelligent environmental control in office buildings and 
contribute to narrowing the gap between simulated and measured savings. 

Keywords: building energy efficiency; empirical study; intelligent environmental control; 
lighting; HVAC; A-B-A design 
 

1. Introduction 
As urbanization is increasing, an ever-greater population lives in urban areas with 

increasing occupied time [1]. Buildings are responsible for 40% of global energy use and 
contribute towards 30% of the total CO2 emissions [2]. Among building functions, heating, 
ventilation, and air-conditioning (HVAC) systems and lighting systems are the main con-
tributors to building energy usage, accounting for 35% and 11% of total energy use, re-
spectively [3]. Hence, there is a great potential for energy conservation during building 
operation. It is urgent to seek suitable energy-saving paths during building operation, and 
the deployment of intelligent control systems may be an efficient path worth exploring. 

Recent developments in information and communication technology (ICT) infra-
structure have led to advanced controllers for building lighting systems, integrated with, 
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e.g., sensors, actuators, and micro-controllers [4,5]. With advances in digital technologies, 
the concept of energy-intelligent buildings has gained prominence. Such buildings inte-
grate sensing, communication and control technologies, often grounded in the Internet of 
Things (IoT) to manage indoor environmental systems, such as lighting and heating, ven-
tilation and air-conditioning (HVAC), more efficiently [3]. In this paper, the term energy-
intelligent building environmental control system refers to systems that deploy distrib-
uted sensors and controllers to automatically adjust lighting and air-conditioning opera-
tion based on occupant presence and environmental conditions, with the dual goals of 
maintaining acceptable indoor comfort and reducing unnecessary energy use. It should 
be noted that this article does not involve improving comfort, dealing with medical reha-
bilitation, monitoring mobility and physiological parameters, even delivering therapy [6]. 

The World Business Council for Sustainable Development reports that wasteful be-
havior can increase a building’s designed energy use by 33%, while conservation behavior 
can decrease it by 32% [7] (Figure 1). Consequently, energy-intelligent building control 
systems have significant energy-saving potential by dynamically adjusting lighting and 
HVAC settings in real time based on occupancy and environmental conditions [4,6]. 

 

Figure 1. Energy consumption proportion attributed to building occupants’ behavior. 

Existing research on energy-intelligent building energy management in office build-
ings can broadly be classified into simulation-based and empirical studies [8–14]. Delaney 
proposed an office lighting control system based on wireless communication, which com-
bines photodetectors and infrared sensors and achieved up to 58% lighting energy savings 
[8]. Wen et al. employed a wirelessly networked intelligent lighting system in shared of-
fice spaces, effectively reducing energy use while accommodating diverse occupant light-
ing preferences, with reported savings of 48% [15]. Singhvi et al. developed a wireless 
sensor-based lighting control system in which users wore localization devices to enable 
relatively accurate position tracking, resulting in an energy saving of 33% [16]. 

Simulation studies typically employ building performance simulation tools to esti-
mate potential savings under hypothetical control strategies. They often report high the-
oretical savings, particularly for lighting systems with occupancy and daylight-responsive 
controls [8–17]. However, these results rely on assumptions about occupancy, behavioral 
patterns and control performance that may not fully reflect real operations. 

Compared with the extensive simulation literature, empirical investigations that 
monitor actual energy consumption or equipment operating hours before and after the 
implementation of intelligent control strategies remain relatively scarce, and the reported 
savings are generally smaller in magnitude and exhibit considerable variability. For 
HVAC systems, which constitute a major share of energy demand in office buildings [3,18], 
Peng et al. [19] proposed a demand-responsive cooling control scheme based on occu-
pancy learning and reported a 20.3% reduction in overall cooling energy use. Building on 
this concept, they subsequently introduced machine-learning-based control frameworks, 
achieving energy savings in the range of 7–52% relative to conventional time-schedule 
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operation [20]. In a follow-up study, they applied neural networks to model individual 
thermal preference profiles and demonstrated additional savings of 4–25% compared 
with fixed temperature setpoints [21]. 

For lighting systems, occupant-centric control approaches have similarly been shown 
to offer substantial energy-saving potential while still satisfying visual comfort require-
ments. Nagy et al. [22] proposed an occupant-centric lighting control concept in which 
preferred setpoints are inferred automatically from user interactions; a 12-week deploy-
ment in six offices yielded a 13.4% reduction in normalized lighting energy consumption 
without causing notable deterioration in reported comfort. Park et al. [23–25] developed 
LightLearn, an adaptive reinforcement-learning-based controller capable of capturing in-
dividual occupant behavior and varying environmental conditions, and demonstrated 
that it can achieve a more favorable trade-off between comfort and energy use than both 
schedule-based and purely occupancy-based control strategies. 

A common limitation in empirical studies is the use of simple A-B designs, where a 
“before” period with manual control is compared to an “after” period with intelligent 
control. In such designs, changes in occupants’ awareness (Hawthorne-type effect [26]), 
seasonal weather variation, or evolving operational practices can confound the observed 
savings. Furthermore, many empirical studies focus on either lighting or HVAC alone, 
with relatively few addressing combined lighting and air-conditioning performance in the 
same building. 

To address these gaps, this study conducts a real-world, long-term A-B-A field ex-
periment on the 14th floor of an office building in Shenzhen, China. An intelligent build-
ing environmental control system was deployed to manage lighting and HVAC based on 
occupant presence and environmental sensing. The experiment comprises two intelligent-
control phases (A1 and A2) separated by a manual-control phase (B), which helps to re-
duce the impact of transient awareness or learning effects. The main objectives are to: 

1. Quantify real-world energy-saving performance for both lighting and air-condition-
ing using equipment runtime as a proxy for energy consumption. 

2. Demonstrate the methodological advantages of an A-B-A experimental design in 
controlling for reactivity effects and temporal confounds. 

3. Analyze weekday versus weekend performance to identify differences in energy sav-
ings, particularly the reduction of “forgotten-on” equipment. 

By providing detailed empirical evidence from an active office environment, this 
study aims to complement simulation-based work and contribute to more realistic expec-
tations and design guidelines for intelligent building environmental control systems. The 
study is positioned as an initial single-building field evaluation, and its external validity 
should be tested through future deployments in buildings with different layouts, opera-
tional practices, occupant behaviors and micro-climatic conditions. 

2. Materials and Methods 
2.1. Experimental Site and Energy-Intelligent Control System 

The field experiment was conducted on the 14th floor of a multi-storey office building 
in Shenzhen, China. The experimental floor has a total area of approximately 3500 m2 and 
comprises open-plan workspaces, individual offices, meeting rooms and public areas such 
as corridors. The office operates on a typical weekday schedule, with occasional overtime 
and weekend work. The lighting system in the experimental area consists of ceiling-
mounted luminaires installed in the different functional zones, while space conditioning 
is provided by split or unitary air-conditioning units. Prior to the deployment of the intel-
ligent building environmental control system, both lighting and HVAC were mainly op-
erated through manual switching by occupants and facility staff. 
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On the experimental floor, energy use is dominated by the lighting and air-condi-
tioning systems. The studied area is served by 29 split air-conditioning units and 97 lumi-
naires in total. This study concentrates on the open-plan zones of the floor, including cor-
ridors, the pantry, open office areas and an exhibition space. Staff working in these open 
areas follow relatively flexible schedules; therefore, an intelligent building environmental 
control system that detects occupant presence is particularly suitable for reducing unnec-
essary operation and achieving energy savings. During the entire experimental period, 
the composition of the office staff and their general working patterns remained essentially 
unchanged. The layout of the empirical study area (the 14th floor) and the locations of the 
sensors and controllers of the intelligent control system are illustrated in Figure 2. 

 

Figure 2. The layout of the empirical study area and the locations of the sensors of the intelligent 
control system (the red dots represent the radar). 

Since November 2021, the 14th floor has been equipped with an intelligent building 
environmental control system. The system integrates a set of distributed sensors [27] and 
actuators linked through wireless communication and edge-computing gateways [28]. Ta-
ble 1 summarizes the main components and their quantities. 
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Table 1. The number of equipment arrangements in the experimental area site in this study. 

Device Name Function Total 
Quantity 

Open 
Office 

Personal 
Office 

Conference 
Room 

Public 
Area 

Millimeter-wave radar 
gateway 

Monitor the behavior of the personnel and 
transmit the data 

48 16 18 3 11 

Passive infrared (PIR) 
sensor 

Auxiliary millimeter-wave radar for detect-
ing human behavior 

37 13 12 2 10 

Indoor air-quality sen-
sors 

Record the real-time indoor air quality 3 1 1 1 / 

Temperature–humidity–
illuminance sensor 

Record the real-time environment’s tempera-
ture, humidity and illuminance 

1 / / / / 

Lighting Illumination 97 30 32 17 20 
Air-conditioning Adjust the temperature and humidity 29 7 18 1 3 

Smart electricity meter Record daily electricity consumption 1 1 / / / 

Figure 3 illustrates the overall architecture of the intelligent environmental control 
system, including sensor layer, control algorithms and actuation via smart switches. 

• Millimeter-wave radar gateways are deployed in offices, meeting rooms and public 
areas to detect occupant presence and movement, and to transmit the data to the 
control platform. 

• Passive infrared (PIR) sensors are installed as auxiliary presence detectors, enhancing 
the robustness of occupant detection in conjunction with millimeter-wave radar. 

• Indoor air-quality sensors monitor parameters such as CO2 concentration in selected 
zones. 

• A temperature–humidity–illuminance sensor records environmental conditions, 
providing additional contextual information for system optimization. 

• Smart switches and relays connect the luminaires and air-conditioning units to the 
intelligent control system, enabling automatic on/off control. 

• A smart electricity meter records daily electricity consumption at the floor level. 

 

Figure 3. Architecture of energy-intelligent building environmental control system. 

The core control strategy is occupancy-based on/off control with a short delay. When 
occupancy is detected in a given zone, the corresponding lighting and associated air-con-
ditioning equipment remain on or are switched on as needed [29]. When no occupancy is 
detected for a defined period (five minutes in this experiment), the system automatically 
switches off the lighting and air-conditioning in that zone. This logic targets unnecessary 
operation in unoccupied spaces while maintaining comfort during occupied periods. 
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In many energy-intelligent building systems, passive infrared (PIR) sensors are 
widely used for occupancy detection; however, their performance can be limited in terms 
of detection range and accuracy [30], which may lead to false detections and, consequently, 
occupant dissatisfaction [31]. In the present system, a hybrid sensing approach combining 
mmWave radar and PIR sensors is adopted as an optimization strategy. This combination 
enables more reliable tracking of occupant movement and, in turn, supports more precise 
control of the wireless smart switches in response to observed movement patterns [32]. 

2.2. Experimental Design 

To rigorously evaluate the energy-saving potential performance of the intelligent 
control system and refine its strategies, an A-B-A experimental design was implemented 
over three consecutive months in summer 2022 (July–September). To interpret monthly 
differences cautiously, we assume that, apart from the intervention, other conditions af-
fecting runtime evolve smoothly over time. Under this condition, any statistically signifi-
cant divergence between the two groups observed after the intervention can be attributed 
to the true effect of the energy-intelligent control system, thereby reducing the likelihood 
that the results are driven by other confounding factors [33]. The timeline is as follows 
and indicated in Figure 4: 

• A1 phase (July 2022): Energy-intelligent building environmental control system op-
erating normally. Runtime data for lighting and air-conditioning equipment on the 
14th floor are collected as the first experimental group. 

• B phase (August 2022): On the morning of 2 August, the intelligent control algorithms 
are disabled without notifying occupants, and the system reverts to manual control 
for one month. Device runtime data are collected as the control group. 

• A2 phase (September 2022): The intelligent control algorithms are reactivated and run 
for one month; runtime data are collected as the second experimental group. 

 

Figure 4. The “A-B-A” experimental design process applied in this empirical study. 

The total duration of the experiment is 92 days, covering July, August and September 
2022. To ensure comparability across months, data analysis focuses on periods from Mon-
day to Friday that represent normal working weeks. In each month, four groups of week-
days and three groups of weekend days are included, resulting in a balanced dataset 
across the three phases. During the entire experiment, the composition of staff and their 
nominal working hours remained essentially unchanged. 

This A-B-A configuration allows July (A1) and September (A2) to serve as two inde-
pendent baseline months under intelligent control, bracketing the manual-control month 
of August (B). Comparing A1 vs. B and A2 vs. B helps to separate the impact of intelligent 
control from temporal and behavioral confounds [33]. 

2.3. Data Collection and Statistical Analysis 

Due to data access restrictions and user privacy requirements of the building opera-
tor, detailed smart-meter electricity data were not available to the authors. Therefore, this 
study used the on/off states and cumulative operating time of the controlled equipment 
as the primary measurable outcomes. The reported reduction ratios should be interpreted 
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as reductions in equipment runtime and as runtime-based energy-saving potential, rather 
than as directly measured electricity savings. The intelligent system records the on/off 
state and cumulative running time of each controlled lighting and air-conditioning unit 
via the smart switches. For this study, equipment running time is adopted as the primary 
indicator, under the assumption that each device has a relatively constant power rating 
during operation. This allows runtime to serve as a proxy for energy consumption, which 
is appropriate when detailed circuit-level metering is not available. 

Two types of indicators are derived: 

• Daily average runtime per device (hours per day per unit), computed separately for 
lighting and air-conditioning in each phase. 

• Monthly cumulative runtime (hours), summing up the total operating time of all con-
trolled lighting or air-conditioning units in each month. 

In addition, the total runtimes for weekdays and weekends are calculated separately 
for each phase, enabling a more detailed analysis of behavioral patterns and energy-sav-
ing potential mechanisms. 

To characterize climatic context and potential weather-related confounding factors, 
monthly values of mean, maximum and minimum outdoor temperature, sunshine hours, 
relative humidity and number of rain days for Shenzhen in July–September 2022 were 
obtained from the local meteorological bureau. These data are used qualitatively in the 
discussion to interpret the robustness of the findings. 

3. Results 
3.1. Daily Runtime Trends 

The intelligent building environmental control system substantially reduced the 
daily average runtime per device for both lighting and air-conditioning. 

For lighting, the daily runtime per luminaire in July (A1) typically ranged from 3 to 
7 h, whereas in August (B) under manual control it ranged from 4 to 8 h. The mean daily 
runtime per luminaire was 5.59 h in July and 6.76 h in August, representing a reduction 
of 1.17 h/day under intelligent control. In September (A2), the daily lighting runtime per 
device ranged from 1 to 7 h, again lower than the 4–8 h range observed in August. The 
mean daily runtime per luminaire was 4.60 h in September, which is 2.16 h/day shorter 
than in August. The trend can be observed in Figure 5. 
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Figure 5. The trend chart of the average operating time of the lighting equipment obtained from this 
empirical study. 

For air-conditioning, the daily runtime per unit in July (A1) ranged from 3 to 10 h, 
compared with 4–10 h in August. The mean daily runtime per air-conditioning unit was 
6.16 h in July and 7.13 h in August, a reduction of 0.97 h/day under intelligent control. In 
September (A2), the mean daily runtime per air-conditioning unit further decreased to 
5.17 h, which is 1.97 h/day shorter than in August. The trend can be observed in Figure 6. 

 

Figure 6. The trend chart of the average operating time of air-conditioning equipment obtained from 
this empirical study. 

3.2. Statistical Significance of Differences (Paired t-Tests) 

To compare equipment runtime between the control-active and manual-control 
phases, a matched-day paired comparison was conducted. The paired structure was de-
fined using the common analytical window shared by the three phases. Specifically, 25 
daily observations were aligned by day position and weekday/weekend sequence, and 
paired comparisons were then performed for July versus August and September versus 
August. July and September represented the two control-active phases, whereas August 
represented the manual-control phase. This pairing strategy was used to reduce the influ-
ence of weekday/weekend scheduling differences, but it should be interpreted as a 
matched-day comparison rather than a true repeated-measures design under identical ex-
ternal conditions. 

Paired-sample t-tests were first used to examine whether daily equipment runtime 
differed between each control-active phase and the manual-control phase (Table 2). For 
lighting, the mean daily runtime was 5.59 h per unit in July and 6.76 h per unit in August, 
corresponding to a mean paired difference of −1.17 h per unit. This difference was statis-
tically significant, t(24) = −3.11, p = 0.0047. The September lighting runtime was further 
reduced to 4.60 h per unit, with a mean paired difference of −2.16 h per unit relative to 
August, t(24) = −5.52, p < 0.001. However, because significant Ljung–Box autocorrelation 
was detected for this comparison, the paired t-test result for the September–August light-
ing comparison should be interpreted with caution. 

A similar pattern was observed for air-conditioning runtime. The mean daily air-con-
ditioning runtime was 6.16 h per unit in July and 7.13 h per unit in August, giving a mean 
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paired difference of −0.97 h per unit, t(24) = −3.20, p = 0.0038. In September, the mean air-
conditioning runtime was 5.17 h per unit, corresponding to a mean paired difference of 
−1.97 h per unit relative to August, t(24) = −4.90, p < 0.001. 

Table 2. The results of paired-sample t-tests on daily average runtime. 

Paired Item Mean Value Average Differ-
ence Value T p Shapiro P Autocorrelation Test 

Average daily usage time of lighting in 
July (h) 

5.59 
−1.17 −3.114 0.005 0.085 

No significant Ljung–Box 
autocorrelation Average daily usage time of lighting in 

August (h) 
6.76 

Average daily usage time of air-condi-
tioners in July (h) 

6.16 
−0.97 −3.2 0.004 0.611 

Lag-1 autocorrelation close 
to the significance thresh-

old, p = 0.056 Average daily usage time of air-condi-
tioners in August (h) 

7.13 

Average daily usage time of lighting in 
September (h) 

4.6 
−2.16 −5.521 0.000 0.014 

Significant autocorrelation 
detected Average daily usage time of lighting in 

August (h) 
6.76 

Average daily usage time of air-condi-
tioners in September (h) 

5.17 
−1.97 −4.904 0.000 0.411 

No significant Ljung–Box 
autocorrelation Average daily usage time of air-condi-

tioners in August (h) 
7.13 

Average daily usage time of lighting in 
mean (July, September) 

5.097 
−1.666 −4.557 0.000 0.743 

No significant Ljung–Box 
autocorrelation Average daily usage time of lighting in 

August (h) 
6.76 

Average daily usage time of air-condi-
tioners in mean (July, September) 

5.67 
−1.467 −4.598 0.000 0.855 

No significant Ljung–Box 
autocorrelation Average daily usage time of lighting in 

August (h) 
7.13 

To further examine whether the reduction was consistent across the two control-ac-
tive phases, the average runtime of July and September was compared with August. The 
mean lighting runtime across the two control-active months was 5.10 h per unit, compared 
with 6.76 h per unit in August, indicating an average paired reduction of −1.67 h per unit. 
The mean air-conditioning runtime across the two control-active months was 5.67 h per 
unit, compared with 7.13 h per unit in August, indicating an average paired reduction of 
−1.47 h per unit. These results suggest that both lighting and air-conditioning operated for 
shorter periods during the control-active phases than during the manual-control phase. 

Assumption diagnostics were also conducted for the paired differences. Shapiro–
Wilk tests indicated that most paired differences did not significantly deviate from nor-
mality, although the September–August lighting difference and the averaged control-ac-
tive lighting difference showed evidence of non-normality. Autocorrelation diagnostics 
further suggested that the September–August lighting comparison may contain serial de-
pendence. 

Most paired comparisons support statistically significant runtime reductions. How-
ever, the September–August lighting comparison should be interpreted with caution be-
cause significant serial autocorrelation was detected in the paired differences. 

3.3. Monthly Cumulative Runtime and Overall Energy-Saving Potential Ratios 

Using monthly cumulative runtime as a proxy for energy use, the intelligent control 
system achieved substantial overall energy-saving potential for both lighting and air-con-
ditioning. 
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For lighting (Figure 7): 

• In July (A1), the total monthly runtime of all controlled luminaires was 12,349.88 h, 
compared with 15,881.38 h during August (B). This corresponds to a 22.24% reduc-
tion in lighting runtime. 

• In September (A2), total lighting runtime was 11,160.78 h, compared with 15,881.38 
h in August, yielding a 29.72% reduction. 

Combining the two intelligent-control months (A1 and A2) relative to the manual-
control month (B), the average lighting runtime reduction is approximately 25.98% (light-
ing: 22.24% + 29.72%/2 ≈ 25.98%). 

 

Figure 7. The cumulative operating time trend chart of the lighting equipment obtained from this 
empirical study. 

For air-conditioning (Figure 8): 

• In July (A1), total monthly runtime of all air-conditioning units was 4204.94 h, com-
pared with 4938.83 h in August (B), representing a 14.86% reduction. 

• In September (A2), total air-conditioning runtime was 3746.76 h, versus 4938.83 h in 
August, a 24.14% reduction. 

Combining the two intelligent-control months (A1 and A2) relative to the manual-
control month (B), the average air-conditioning runtime reduction is approximately 19.50% 
(air-conditioning: 14.86% + 24.14%/2 ≈ 19.50%). 

Taken together, these results indicate that the intelligent building environmental con-
trol system can reliably deliver 20–26% reductions in operating time for lighting and air-
conditioning in this office floor under real working conditions. 
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Figure 8. The trend chart of the cumulative operating time of the air-conditioning equipment ob-
tained from this empirical study. 

3.4. Weekday Versus Weekend Performance 

Because work schedules and occupant presence patterns differ between weekdays 
and weekends, the energy-saving potential was further analyzed separately for weekday 
and weekend periods. 

For weekdays, in July (A1), the cumulative weekday lighting runtime was 10,784.27 
h, compared with 12,830.47 h in August (B), a 15.95% reduction. Weekday air-condition-
ing runtime was 3772.16 h in July vs. 4176.39 h in August, a 9.68% reduction. In September 
(A2), weekday lighting runtime was 9783.30 h vs. 12,830.47 h in August, a 23.75% reduc-
tion. Weekday air-conditioning runtime was 3446.62 h vs. 4176.39 h in August, a 17.47% 
reduction. Aggregating across the two intelligent-control months, the weekday lighting 
energy-saving potential is 19.85%, and weekday air-conditioning energy-saving potential 
is 13.58%. 

For weekends, in July (A1), weekend lighting runtime was 1565.61 h, compared to 
3050.91 h in August (B), a 48.68% reduction. Weekend air-conditioning runtime was 
432.78 h in July vs. 762.44 h in August, a 43.24% reduction. In September (A2), weekend 
lighting runtime was 1377.48 h vs. 3050.91 h in August, a 54.85% reduction. Weekend air-
conditioning runtime was 300.14 h vs. 762.44 h in August, a 60.63% reduction. Overall, 
weekend lighting energy-saving potential reached 51.77%, and weekend air-conditioning 
energy-saving potential reached 51.94%. 

The much larger savings on weekends indicate that, under manual control, a sub-
stantial amount of equipment remains on in unoccupied spaces due to “forgotten-on” be-
havior. The intelligent system effectively eliminated this waste by automatically switching 
off lights and air-conditioning after detecting prolonged absence. 

The larger weekend reductions are consistent with reduced unoccupied operation, 
including equipment that may have been left on under manual control. However, because 
individual switching behavior was not directly observed, “forgotten-on” equipment 
should be interpreted as a plausible inference rather than a directly measured mechanism. 
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3.5. Climatic Conditions During the Experiment 

Table 3 and Figure 9 summarizes the outdoor climatic conditions in Shenzhen during 
July–September 2022. July and September were characterized by high mean temperatures 
(29.8 °C and 29.0 °C) and relatively long sunshine durations (216.1 h and 205.2 h), whereas 
August had a slightly lower mean temperature (28.4 °C), fewer sunshine hours (155.5 h) 
and a larger number of rain days (20 vs. 10 and 6 in July and September). 

Table 3. Climate conditions in Shenzhen for July, August and September 2022 (data source: Shen-
zhen Meteorological Bureau). 

Month 
Average Tem-
perature (°C) 

Maximum Air 
Temperature 

(°C) 

Minimum Air 
Temperature 

(°C) 

Sunshine Dura-
tion (h) 

Average Rela-
tive Humidity 

(%) 

Rain Day (≥0.1 
mm) 

July 29.8 35.9 24.3 216.1 78 10 
August 28.4 36.2 24.2 155.5 82 20 

September 29.0 35.1 24.1 205.2 69 6 

 

Figure 9. Temperature trend chart for the highest and lowest temperatures in Shenzhen from July 
to September 2022 (data source: Shenzhen Meteorological Bureau). 

These differences suggest that cooler and wetter conditions in August may have re-
duced cooling load demands relative to July and September. Consequently, the air-condi-
tioning energy-saving potential estimated from runtime comparisons may be conserva-
tive: intelligent control in July and September was achieved under relatively more chal-
lenging climatic conditions. 

To account for climatic variation across the A-B-A phases, a weather-adjusted analy-
sis was conducted for air-conditioning runtime. Daily cooling-degree days were calcu-
lated from the available maximum and minimum outdoor temperatures using a 26 °C 
base temperature. Within the matched analytical window, the mean CDD26 values were 
4.42 °C·day in July, 2.88 °C·day in August, and 3.52 °C·day in September, indicating that 
the manual-control phase in August had the lowest temperature-related cooling demand 
(Table 4). A regression model was then fitted with daily air-conditioning runtime as the 
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dependent variable and control phase, CDD26, and weekend status as predictors. After 
adjustment, the estimated air-conditioning runtimes were 6.27 h/day/unit in July, 7.04 
h/day/unit in August, and 5.16 h/day/unit in September. Compared with August, the ad-
justed runtime reductions were 10.9% in July and 26.7% in September, with an average 
reduction of 18.8% across the two control-active phases. These results indicate that the 
lower air-conditioning runtime during the occupancy-responsive control phases was not 
solely attributable to milder outdoor conditions. However, the findings should be inter-
preted as weather-adjusted runtime reductions rather than directly measured electricity 
savings. 

Table 4. Weather-adjusted analysis of air-conditioning runtime. 

Item 
July, A1 Control-Active 

Phase 
August, B Manual-Con-

trol Phase 
September, A2 Control-

Active Phase 
Mean outdoor temperature, °C 30.42 28.88 29.52 

Mean CDD26, °C·day 4.42 2.88 3.52 
Weather-adjusted HVAC runtime, 

h/day/unit 
6.27 7.04 5.16 

Difference from August, h/day/unit −0.77 Reference −1.88 
Runtime reduction relative to August, % 10.9% Reference 26.7% 

4. Discussion 
4.1. Comparison with Previous Studies 

Simulation studies of intelligent lighting and HVAC control frequently report high 
theoretical energy-saving potentials, often exceeding 40–50% for occupancy-based light-
ing control alone [8,9,15,16,34]. However, empirical studies conducted in real buildings 
typically find more modest savings, partly due to deviations from idealized behavioral 
and operational assumptions [9,11,12]. 

The present study’s empirical energy-saving potential—approximately 26% for light-
ing and 20% for air-conditioning—are broadly consistent with the higher end of reported 
real-world results for intelligent control systems in office settings (Figure 10). The magni-
tude of savings is meaningful given that the building was already operating in a relatively 
modern office context, and the field experiment was conducted without imposing changes 
in work schedules or policies, other than the control mode itself. 

 

Figure 10. The location where the data and conclusions of this empirical study are situated (data 
source [3]). 
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4.2. A-B-A Experiment Design 

Many existing empirical evaluations of energy-intelligent building systems employ 
a simple A-B design, comparing a “before” period (manual control) with an “after” period 
(intelligent control). While straightforward, this approach is vulnerable to several con-
founding factors: 

• Increased occupant awareness or behavioral change triggered by the introduction of 
the system and the associated study (a Hawthorne-type effect). 

• Temporal variability in weather, occupancy and operational practices that may coin-
cide with the intervention. 

• Long-term drift in system performance or occupant adaptation. 

The A-B-A design used in this study provides two separate reference periods (A1 
and A2) with intelligent control, bracketing the manual-control period (B). This configu-
ration offers several advantages: 

• It allows the observed savings to be replicated across two independent intelligent-
control months with different climatic conditions. 

• It helps discern whether any observed changes during B are due to the absence of 
intelligent control or to temporally correlated external factors. 

• It reduces the likelihood that the results are driven solely by short-term behavioral 
changes following system deployment. 

Although the design does not eliminate all potential confounds, it represents a meth-
odological improvement over simple A-B designs and can serve as a useful template for 
future empirical studies of building control technologies. 

4.3. Role of Occupant Behavior and “Forgotten-On” Equipment 

The analysis of weekday versus weekend performance sheds light on the primary 
mechanisms behind the observed savings. Weekday savings of roughly 20% for lighting 
and 14% for air-conditioning suggest that intelligent control reduces runtime during nor-
mal working days by tailoring operation more closely to actual occupancy patterns. For 
example, lights and air-conditioners are switched off shortly after occupants leave a meet-
ing room or office, rather than being left on for extended periods. 

The extremely high weekend savings, exceeding 50% for both lighting and air-con-
ditioning, indicate that under manual control, a significant portion of equipment is inad-
vertently left on in unoccupied spaces, especially outside regular working hours. The in-
telligent system essentially eliminates this behavioral waste by automatically switching 
off equipment in unoccupied zones. 

These findings underscore the importance of incorporating occupant behavior ex-
plicitly into building energy analysis and control strategies. Even in buildings with effi-
cient equipment, uncontrolled or poorly managed occupant behavior can offset technical 
efficiency gains. Intelligent control systems that directly monitor and respond to occu-
pancy are a powerful tool to align operation with actual needs. 

A further limitation is the lack of occupancy-normalized analysis. Although the con-
trol strategy was occupancy-responsive, detailed occupancy records, including zone-level 
presence rates, occupant-hours, and meeting room utilization, could not be accessed due 
to user privacy and data governance restrictions in the occupied office building. As a re-
sult, the present study cannot fully separate the effect of the control system from possible 
changes in office use intensity across the three experimental phases. The reported runtime 
reductions should therefore be interpreted as control-period differences in equipment op-
eration rather than occupancy-normalized savings. Future studies should incorporate pri-
vacy-preserving aggregated occupancy indicators, such as occupied-zone-hours or anon-
ymized zone presence rates, which would provide a valuable supplement for normalizing 
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equipment runtime and for more accurately identifying the contribution of occupancy-
responsive control. 

The further decrease in runtime from A1 to A2 should also be interpreted cautiously. 
It may reflect seasonal conditions, occupancy variation, operational adaptation, or other 
unmeasured temporal factors, rather than a progressive improvement in control intelli-
gence. Therefore, A1 and A2 are treated as two control-active phases bracketing the man-
ual-control phase, rather than as evidence of continuous system learning. 

4.4. Limitations and Future Research 

Despite its contributions, this study has several limitations that point to avenues for 
future work: 

• Single-building, single-floor case: The findings are based on one office floor in a spe-
cific climate and operational context. Multi-building and multi-climate studies are 
needed to generalize the results. 

• Runtime as a proxy for energy: While runtime is a reasonable indicator when device 
power ratings are relatively constant, direct meter-based measurements at the circuit 
or equipment level would enable more precise quantification of energy savings. 

• Limited experimental duration: The 92-day experiment covers one summer season. 
Longer-term studies spanning different seasons and year-to-year variations would 
strengthen the evidence base. 

• Comfort and satisfaction metrics: This study focuses on energy-related performance. 
Incorporating thermal comfort, visual comfort and occupant satisfaction data would 
help evaluate the trade-offs and co-benefits of intelligent control. 

• Advanced control strategies: The current system implements primarily occupancy-
based on/off control. Future research could explore more advanced strategies such as 
demand-response, predictive control, and integrated daylight-responsive dimming, 
and their combined impact on energy, comfort and user behavior. 

5. Conclusions 
This paper reported a 92-day A-B-A field experiment evaluating an intelligent build-

ing environmental control system for lighting and air-conditioning on an office floor in 
Shenzhen, China. The key conclusions are: 
1. The deployment of an IoT-based intelligent control system that integrates mmWave 

radar, infrared sensors and smart switches significantly reduced the runtime of both 
lighting and air-conditioning systems compared with manual control. 

2. Based on monthly cumulative runtime, the intelligent system achieved average sav-
ings of 25.98% for lighting and 19.50% for air-conditioning. These results indicate 
substantial runtime reductions during the intelligent-control phases. Most paired 
comparisons supported statistically significant reductions, although the September–
August lighting comparison should be interpreted with caution because significant 
autocorrelation was detected. 

3. When weekdays and weekends were analyzed separately, weekday savings re-
mained substantial (19.85% for lighting and 13.58% for air-conditioning), while week-
end savings exceeded 50% for both subsystems. This indicates that the intelligent 
system is particularly effective at eliminating “forgotten-on” lights and air-condition-
ers in unoccupied spaces. 

4. The A-B-A experimental design helped mitigate Hawthorne-type effects and tem-
poral confounds, representing a methodological advance over simple before–after 
comparisons commonly found in the literature. 

5. The study provides a high-quality empirical sample for intelligent building energy 
research and demonstrates that occupancy-based environmental control systems can 
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contribute meaningfully to building energy efficiency under the “dual carbon” policy 
context. 

Future work should extend such experiments to multiple buildings, longer periods 
and diverse climates, incorporate detailed energy metering and comfort metrics, and in-
vestigate more advanced control strategies. Nevertheless, the present findings already 
support wider adoption of intelligent building environmental control systems as a practi-
cal and effective measure for reducing operational energy use in office buildings. 
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