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Abstract 

Temperature control during hot-mix asphalt production and paving is critical to construction quality 

and emissions. However, conventional thermometry is susceptible to dust and vibration. This study 

proposes an indirect temperature monitoring system using electronic nose technology, exploiting the 

nonlinear correlation between asphalt VOC odor fingerprints and temperature. The system integrates 

a MOS sensor array with IoT feedback, with a proof-of-concept study involving three asphalt types 

at five temperature levels. Leave-One-Out Cross-Validation (LOOCV) was employed to mitigate 

overfitting. The hybrid modeling framework significantly outperformed the Multiple Linear 

Regression (MLR) baseline, achieving 88.9% three-class accuracy and a regression RMSE of ±6.2°C. 

Drift compensation improved accuracy by 16.4%. These results show the feasibility of multi-

dimensional odor patterns for quantitative temperature prediction, offering a new paradigm for 

closed-loop, non-contact temperature control in smart, low-carbon pavement engineering. 

Keywords: electronic nose; asphalt mixture; VOC odor fingerprint; sensor drift compensation; 

machine learning; multi-sensor fusion; real-time temperature monitoring 

1. Introduction

The production and paving temperatures of hot-mix asphalt (HMA) mixtures critically dictate

the compaction density, long-term durability, and environmental emissions of pavement 

infrastructure [1–3]. High temperatures accelerate asphalt aging [4] and increase toxic VOC emissions 

[5]. On the other hand, if the mixture is too cold, compaction becomes difficult. This often leads to 

premature pavement distress [6,7]. Driven by the towards Industry 4.0 and smart construction, real-

time temperature monitoring has become a prerequisite for automated quality control in modern 

asphalt plants [8]. 

However, traditional thermometry (e.g., thermocouples and infrared sensors) relies on contact-

based or line-of-sight measurements [9,10]. In harsh construction environments characterized by 

heavy dust, severe mechanical vibration, and equipment occlusion, these conventional sensors 

frequently suffer from severe signal attenuation [11] and only capture localized surface temperatures 

[12], failing to represent the holistic “effective temperature” of the asphalt mixture. 

Recent advancements in Automation in Construction have heavily favored non-destructive 

evaluation (NDE) and Internet of Things (IoT)-enabled sensor networks to achieve data-driven 

process control [13]. Within this context, exploiting the chemical emissions of asphalt as an indirect 

proxy for physical temperature presents an untapped monitoring paradigm. Asphalt is a complex 

organic mixture composed of Saturates, Aromatics, Resins, and Asphaltenes — the well-documented 

SARA fractions [14]. When heated, asphalt releases volatile organic compounds (VOCs) with distinct 

odor fingerprints. Both the composition and emission intensity of these VOCs have an exponential 

correlation with asphalt heating temperatures [15]. For instance, the work of Chang et al. [16] and 
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Lasne et al. [17] clearly demonstrates the temperature dependency of asphalt VOC release, and 

highlights that these emissions can serve as direct, reliable indicators of the material’s thermal state. 

Electronic noses (e-noses), which pair multi-dimensional chemical sensor arrays with machine 

learning algorithms, have established themselves as powerful tools for capturing these complex odor 

fingerprints [18,19]. While previous studies have successfully used e-noses for qualitative 

identification of asphalt binder types and aging states [20,21], a critical research gap remains entirely 

unaddressed. To date, no work has explored the quantitative mapping between asphalt odor 

fingerprints and continuous temperature profiles, especially under the severe environmental 

interference common to active construction sites. 

More critically, the well-documented baseline drift of metal oxide semiconductor (MOS) sensors 

— a flaw exacerbated by ambient humidity, construction dust, and long-term exposure to heavy 

aromatics — has historically prevented e-noses from being deployed as reliable, quantitative 

monitoring instruments in automated construction workflows [22,23]. 

To bridge this gap, we propose an innovative, non-contact, continuous temperature monitoring 

system built on an optimized MOS e-nose array and advanced machine learning. By establishing a 

robust “odor fingerprint–temperature indirect mapping” framework, this research shifts the core 

capability of e-nose technology from qualitative material identification to quantitative, real-time 

industrial process monitoring. 

The core innovations of this work are threefold: 

1. We developed a pioneering indirect mapping framework for non-invasive, real-time prediction 

of asphalt mixture temperature. 

2. We designed a 3-tier drift compensation strategy integrating relative baseline correction, PCA 

component subtraction, and ComBat batch correction. Ablation studies confirm that this strategy 

alone improves overall system accuracy by 16.4%. 

3. An optimized Random Forest model achieves 88.9% classification accuracy across five strict 

temperature gradients (100–180°C). This model also achieves regression R2 of 0.95 with an RMSE 

of ±6.2°C, successfully bounding temperatures within the ±7°C engineering tolerance required 

for field application. 

Ultimately, this research supplies a reliable, IoT-compatible sensing solution for asphalt mixing 

plants and pavers, supporting closed-loop quality control and low-carbon intelligent pavement 

engineering. The remainder of this paper is organized as follows: Section 2 details the conceptual 

design; Section 3 presents the laboratory validation, drift compensation, and AI modeling; Section 4 

discusses the engineering advantages and limitations; and Section 5 concludes the study. 

2. System Conceptual Design 

2.1. Overall Architecture 

Figure 1 shows our system’s full end-to-end architecture. We built the design around five core 

functional modules. They are gas sampling, sensor array, data acquisition and preprocessing, 

machine learning modeling, and temperature monitoring output. This isn’t just a disconnected set of 

components. When fully integrated, the system forms a closed-loop feedback path. It links directly 

to the on-site production control system in real field conditions. 
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Figure 1. Comprehensive Architecture of the E-Nose Based Real-time Temperature Monitoring System 

Integrating Hardware Sensing, 3-Tier Drift Compensation, and AI-driven Closed-loop Control. 

2.2. Hardware Design 

The hardware is built around an 8-sensor array. Every sensor is from the Figaro TGS 2600 MOS 

series, full details in Table 1. We run it at a steady 200mL/min sampling flow rate. Edge computing 

is handled entirely on a Raspberry Pi. We added a dedicated drift compensation module to the setup. 

It’s there for one core reason: to guarantee long-term system stability, no matter the field conditions. 

This isn’t just a lab prototype. It delivers reliable multi-point online monitoring in real construction 

environments, with deployment scenarios including cover mixing plant discharge ports, truck tops, 

and paver hoppers. 

Table 1. Comparison of electronic nose sensor types for VOC monitoring in asphalt mixtures. 

Sensor 

Type 

Typical 

Models 

Sensitivi

ty 

Respons

e Time 

Power & 

Cost 

Advantages in Asphalt 

Scenarios 

Disadvantages in 

Asphalt Scenarios 

MOS 

[24,25] 

TGS2600 / 

TGS2602 

series 

High (1–

30 ppm) 
<60 s 

15–30 

mW / 35–

55 USD 

Mature, low-cost, rich 

fingerprints, well-

validated 

Requires heating, 

baseline drift, poisoning 

risk 

QCM [26] 

10 MHz 

AT-cut + 

PDMS 

coating 

Extremel

y high 

(ng level) 

30–120 s 

50–200 

mW / 80–

150 USD 

High resolution, 

quantifiable, tunable 

selectivity 

Humidity/temperature 

sensitive, fragile 

CP [27] 

Polypyrro

le / 

PEDOT 

arrays 

Moderate <30 s 

<10 mW / 

20–40 

USD 

Room-temperature 

operation, low power 

Short lifespan, severe 

drift, humidity sensitive 

SAW [28] 

433 MHz 

+ polymer 

coating 

High 10–60 s 

100–300 

mW / 

150–300 

USD 

Fast response, high 

sensitivity, wireless 

potential 

Complex circuitry, high 

cost, poor interference 

resistance 

PID [29] 
ppbRAE 

series 

High 

(ppb 

level) 

<10 s 

500+ mW 

/ 2000+ 

USD 

Broad spectrum, fast, 

quantitative accuracy 

No fingerprint capability, 

high power consumption 
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Note: MOS = Metal Oxide Semiconductor; QCM = Quartz Crystal Microbalance; CP = Conducting 

Polymer; SAW = Surface Acoustic Wave; PID = Photoionization Detector. Cost and power 

consumption estimates are based on typical commercial modules available as of 2025. 

3. Preliminary Validation Experiments 

3.1. Materials and Methods 

We tested three industry-standard asphalt types:70# base asphalt, SBS-modified asphalt, and 

crumb rubber-modified asphalt, or CRMB for short. Each 50-gram specimen was sealed in a 250mL 

headspace vial. To make sure we had full, consistent vapor equilibrium before every test, we let the 

sealed vials sit undisturbed for exactly 30 minutes before firing up the sampling pump. We also built 

out a full temperature gradient to cover real-world paving conditions. Using a precision heating 

furnace, we held each specimen at one of five controlled temperatures:100°C,120°C,140°C,160°C, and 

180°C, with a 30-minute hold for each set point. All in all, we had 15 unique material and temperature 

combinations, with three replicates each. That gave us a final set of 45 valid sample groups for our 

analysis. 

An important clarification on our system design: while the full conceptual architecture (Figure 

1) includes a dual MOS+QCM sensor array for future complex field deployments, this preliminary 

validation phase used only an 8-channel MOS array. Our core goal here was to establish baseline 

feasibility for the odor-temperature mapping mechanism. We processed raw sensor array responses 

in two sequential steps: baseline normalization, followed by Savitzky-Golay filtering. After 

reprocessing, we extracted 32-dimensional features for all downstream analysis. 

3.1.1. Sensor Drift Compensation Strategy 

In the field, asphalt plants subject sensors to relentless stress. High temperatures, airborne dust, 

and the polycyclic aromatic hydrocarbons (PAHs) carried in the fumes create three persistent threats. 

As Mousavi et al. [30] have shown, these factors trigger the same three failure modes in both MOS 

and QCM sensors: pronounced baseline drift, gradual loss of sensitivity, and, ultimately, irreversible 

poisoning. To keep the system reliable, we adopted a two-pronged strategy that pairs targeted 

hardware fixes with supporting software algorithms. The first and most immediate issue was baseline 

drift caused by even small swings in ambient temperature. Even inside our controlled laboratory, the 

chamber temperature varied within a 20 ± 2 °C band, producing repeatable shifts in the TGS sensors. 

We eliminated that variability by installing a PID controller that holds the sensor chamber steady 

within ±0.5 °C. The second hardware safeguard addresses residual contamination between tests. 

After each run, an automatic purge cycle floods the chamber with clean air, flushing out any lingering 

asphalt vapors before the next measurement begins. The air is pre-filtered with activated carbon to 

remove residual contaminants. The purge runs for a full 10 minutes per cycle. We also integrated a 

DHT22 sensor into the setup. It records ambient temperature and humidity in real time, throughout 

every test run. 

At the software level, a three-tier compensation mechanism is applied: 

1. Baseline operation: Relative baseline correction to remove short-term drift. 

𝑟𝑖,𝑗(𝑡) =
𝑅𝑖,𝑗(𝑡) − 𝑅0,𝑗

𝑅0,𝑗
(1) 

2. PCA component correction: Subtraction of the drift component derived from reference gas 

samples 

𝑥corr = 𝑥new + 𝑡𝑑𝑝𝑑
𝑇 (2) 

The variables used in the compensation equations are defined in Table 2. 
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Table 2. Definition of symbols in the drift compensation equations. 

Symbol Description 

𝑅𝑖,𝑗(𝑡) Raw resistance of the ( j )-th sensor at time ( t ) in the ( i )-th experiment 

𝑅0,𝑗 Baseline resistance of the ( j )-th sensor (mean value over the first 60 s of each batch) 

𝑟𝑖,𝑗(𝑡) Normalized relative response of the ( j )-th sensor at time ( t ) 

𝑥new Matrix of new sensor responses after baseline correction 

𝑥corr Drift-corrected response matrix 

𝑡𝑑 Projection of new samples onto the dominant drift direction 

𝑝𝑑 
First principal component loading vector representing the drift direction (obtained from 

reference gas samples) 

Note: Symbols correspond to Eqs. (1) and (2) in Section 3.1.1. 

This notation ensures that both short-term baseline drift and long-term systematic drift are 

systematically removed while preserving the temperature-related information essential for 

subsequent modeling. 

3. ComBat batch correction: Elimination of systematic batch effects across different experiments or 

asphalt types using the Python neuroCombat package, while preserving temperature-related 

information. 

After applying our three-tier drift compensation framework, we observed a dramatic reduction 

in sensor response variability: the standard deviation of raw sensor responses dropped from 8.7% to 

2.9%. This optimization delivered a 16.4% lift in overall model accuracy. Most critically, it drastically 

boosted the system’s operational robustness under the harsh, variable conditions of active 

construction sites. 

3.1.2. Standard Gas Calibration 

To make sure those readings are reliable and repeatable, we put the entire sensor array through 

a rigorous calibration process. We used TO-15/PAMS multi-component standard gases from NTRM 

as our calibration source. With dynamic dilution, we generated a full set of concentration gradients 

from 5 ppb up to 100 ppb for every MOS sensor in the array. The calibration gases were made up of 

exactly the compounds we see in real asphalt fumes: benzene, toluene, xylene, n-hexane, and H2S, all 

representative VOCs in asphalt emissions. The whole process also follows the HJ 759-2015 standard 

[31]. At the end of calibration, every single sensor had a calibration curve with an R2 over 0.99. That 

confirmed we have a rock-solid linear relationship between the sensor’s response and the actual VOC 

concentration. 

3.2. Machine Learning Model Construction and Results 

3.2.1. Data Preprocessing and PCA Parameter Tuning 

We processed raw sensor responses through a standardized workflow. First, we normalized the 

raw signals. We used relative baseline correction for normalization. Next, we smoothed the corrected 

signals. We used Savitzky-Golay filtering. Filter parameters were fixed as follows: window length = 

15, polynomial order = 3. We applied Principal Component Analysis (PCA) after preprocessing. The 

core goal was twofold: reduce data dimensionality and retain all temperature-discriminative 

information. We performed hyperparameter tuning for the full pipeline. Tuning was done jointly 

with the downstream classifier. We used a GridSearchCV pipeline. All tuning was run under 5-fold 

stratified cross-validation. 

To systematically optimize the joint pipeline, we designed a comprehensive hyperparameter 

grid search. For the PCA module: we tuned the number of principal components from 5 to 10, this 

balanced dimensionality reduction and information retention; we evaluated two Singular Value 

Decomposition (SVD) solvers: ‘full’ and ‘arpack’; we also tested performance with and without data 
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whitening; whitening is used to standardize component variances. For the downstream Random 

Forest classifier: we tested ensemble sizes of 100 and 200 decision trees; we constrained maximum 

tree depth to 10, 15, or left it unconstrained, this design prevents potential overfitting, it also ensures 

the model has sufficient capacity to learn complex patterns. 

The grid search identified a clear optimal configuration. We retained 7 principal components. 

We used the ‘full’ SVD solver. Whitening was enabled. We paired this with a Random Forest 

classifier. The forest consists of 200 trees. Maximum tree depth was set to 15. At this optimal setting, 

we measured two key performance metrics. First, cumulative explained variance reached 91.2%. 

Second, the random forest achieved a peak cross-validation accuracy of 91.1%. Two key 

visualizations are provided to support these results. The cumulative explained variance curve is 

shown in Figure 2. The optimal 2D scatter plot (PC1 vs. PC2) is also shown in Figure 2. To quantify 

the contribution of the drift compensation module, we conducted an ablation study. The study was 

run under identical training and validation conditions. Full results are summarized in Table 3. 

 

Figure 2. Cumulative explained variance curve (a) and the optimal 2D scatter space (b) from joint PCA 

hyperparameter tuning. Note: The red crosshair in (a) indicates the optimal selection of 7 principal components, 

which retains 91.2% of the variance while sufficiently filtering out background noise. 

Table 3. Ablation study of drift compensation effect on model performance. 

Metric 
Without Drift 

Compensation 

With Drift Compensation 

(Proposed) 

Improvemen

t 

Classification Accuracy 73.3% 89.5% +16.2% 

Regression RMSE (℃) ±9.8 ±6.2 -3.6 

Regression R2 0.76 0.91 +0.15 

Macro F1-score 0.71 0.87 +0.16 

Note: The “Proposed Drift Compensation” integrates relative baseline correction, PCA component 

subtraction, and ComBat batch correction. All metrics were evaluated using Leave-One-Out Cross-

Validation (LOOCV) on the total dataset (N=45N=45). RMSE = Root Mean Square Error. 

Our ablation test results deliver a clear, definitive conclusion. The three-tier drift compensation 

strategy is critical to system performance. This strategy integrates three core correction modules: 

baseline correction, PCA component correction, and ComBat batch correction. Our dataset includes 

45 total samples. This carries an inherent risk of model overfitting. To mitigate this risk, we 

implemented two key safeguards during model evaluation. First, we applied L2 regularization to all 

model training runs. Second, we used a Leave-One-Out Cross-Validation (LOOCV) strategy. We also 

built a standard Multiple Linear Regression (MLR) model. It served as a performance baseline for 

benchmarking. The MLR model yielded an RMSE of ±12.4°C. It returned an R2of only 0.61. These 

results proved the linear model was inadequate. It cannot capture the highly complex, nonlinear 
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dynamics of asphalt VOC emissions. In contrast, our nonlinear models solved this core limitation. 

We used two model architectures: Random Forest and BPNN. Their inherent nonlinear capabilities 

effectively mapped multi-dimensional odor fingerprints to continuous temperature values. This 

optimization reduced the prediction RMSE to ±6.2°C. 

3.2.2. Experimental Results Visualization and Analysis 

Dynamic Responses and Odor Fingerprints 

We first analyzed dynamic sensor responses and odor fingerprints. MOS sensor response curves 

are shown in Figure 3. The curves follow a clear two-phase profile. 0–60 s: dynamic rising phase. 60–

180 s: steady-state phase. Sensor response intensity grew non-linearly across 100°C to 180°C. Steady-

state values jumped sharply once temperature exceeded 160°C. Radar plots of the odor fingerprints 

are shown in Figure 4. At lower temperatures, the radar polygon was small and uniform. At 180°C, 

the shape distorted heavily toward the S2 (TGS2602) axis. The peak response for S2 surged from 

3.2(120°C) to 8.1(180°C). 

 

Figure 3. Dynamic response curves of the MOS sensor (TGS 2602) at different asphalt heating temperatures. 

Note: The shaded gray area represents the dynamic rising phase (0–60 s) before reaching a steady-state response. 

Sensor response is normalized as 𝑅/𝑅𝑂, where 𝑅𝑂 is the baseline resistance in clean air. 
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Figure 4. Evolution of asphalt volatile organic compound (VOC) odor fingerprint patterns at five temperature 

gradients (100–180°C). Note: The pronounced distortion of the polygon shape, particularly the nonlinear surge 

towards the S2 (TGS2602) axis, demonstrates the temperature-dependent chemical transition of VOC emissions 

(e.g., heavy aromatics and sulfur compounds). 

Feature Extraction and Importance 

To understand which sensors were truly driving the temperature predictions, we carried out a 

full feature extraction and importance analysis. The PCA scatter plot in Figure 5, complete with 95% 

confidence ellipses, tells the story at a glance: the first two principal components captured 85.7% of 

the total variance, and the overall Silhouette coefficient hit a solid 0.72. More importantly, the ellipses 

for the three temperature classes stand apart cleanly, with almost no overlap—strong evidence that 

the sensor array can actually distinguish the operating regimes we care about. 

 

Figure 5. PCA 2D visualization of the extracted odor fingerprints. Note: The dashed boundaries represent the 

95% confidence ellipses for each temperature category (Insufficient, Qualified, and Over-temperature), 

illustrating inter-class separation and intra-class cohesion. Total samples N=45. 

We then turned to the Random Forest model itself (Figure 6) to rank the sensors by contribution. 

Sensor S2 (TGS2602) came out on top with 17.8% importance, followed closely by S1 (TGS2600) at 

14.2%. The Pareto cumulative curve made the picture even sharper: the top four sensors alone 

account for more than 80% of the predictive power. That single insight gives us a practical roadmap 

for trimming the array in future hardware iterations without giving up much performance. 
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Figure 6. Random forest feature importance ranking and cumulative contribution (Pareto curve) of the MOS 

sensor array. Note: The blue line and the 80% dashed threshold provide quantitative guidance for future sensor 

array miniaturization. Sensors highlighted in red indicate the top three dominant contributors to temperature 

prediction. 

Temperature Classification and Regression 

We wrapped up the evaluation by testing both classification and regression performance on the 

held-out samples. The confusion matrix in Figure 7 tells the story clearly: overall accuracy reached 

88.9 percent. What mattered most, though, was the critical “Qualified” zone between 140 and 160 °C. 

Here the model correctly identified 17 out of 18 samples, delivering a recall of 94.4 percent—precisely 

where mix quality is decided on the plant floor. Boundary errors stayed reassuringly low; not a single 

“Insufficient” sample was misclassified as “Over-temperature.” 

On the regression side, Figure 8 plots predicted versus actual temperatures, and the points sit 

tight along the ideal 1:1 line. The metrics back that up nicely: an R2 of 0.95, an RMSE of ±6.2 °C, and 

an MAE of 5.4 °C. Most importantly, all 45 test samples stayed comfortably inside the ±7 °C 

engineering tolerance that actually governs field operations. 

 

Figure 7. Confusion matrix of the Random Forest temperature classification model. Note: Values in parentheses 

indicate the specific recall rate for each true label category. The model achieved an impressive recall rate of 94.4% 

for the critical “Qualified” working temperature zone (140–160°C). 
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Figure 8. Regression analysis of e-nose predicted temperatures versus actual heating temperatures. Note: The 

solid red line represents the Random Forest fit, surrounded by a light blue shaded area denoting the 95% 

confidence interval (±3.5°C). The dashed gray horizontal lines represent the ±7°C engineering tolerance 

threshold, within which all test samples safely reside. Total samples N=45. 

4. Discussion 

4.1. Mechanistic Interpretation of Odor-Temperature Mapping 

Our experimental results confirm a core finding. There is a strong nonlinear relationship 

between asphalt VOC emissions and heating temperature. This raises a critical question. Why did 

sensor responses surge sharply above 160°C (Figure 3)? Why did the radar plot distort heavily toward 

the TGS2602 axis (Figure 4)? The answer lies in asphalt’s fundamental chemistry. Asphalt is a 

complex mixture of SARA fractions. When temperature crosses the 160°C threshold, a key chemical 

shift occurs. Heavy aromatics and sulfur-containing compounds exceed their volatilization 

thresholds. They release rapidly into the headspace. The TGS2602 sensor is highly sensitive to these 

specific odorous gases. This directly explains our feature importance results. The Random Forest 

model relied heavily on the TGS2602 sensor. It ranked the sensor as the dominant predictive feature 

at 17.8% importance. Critically, our e-nose array did more than just detect a larger volume of gas. It 

captured a fundamental shift in the chemical composition of the emitted VOCs. 

4.2. Comparison with Existing Literature and Methods 

Prior e-nose studies in pavement engineering have focused on qualitative tasks. These include 

identifying asphalt binder types and detecting aging states [21,32]. These studies established the basic 

utility of odor recognition for asphalt materials. However, classifying continuous temperature 

intervals is a fundamentally harder problem. Heating asphalt creates highly dynamic, overlapping 

VOC emission profiles. Prior work classified static material types under controlled lab conditions. 

Our model had to track a continuously moving thermal target. Even with this increased complexity, 

our system maintained excellent reliability. It achieved 88.9% classification accuracy. It reached a 
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tight regression RMSE of ±6.2°C. This result proves that e-nose technology can be upgraded from a 

basic material classification tool to a precise, quantitative process monitoring system. 

Compared to traditional infrared thermometers, our approach measures the holistic, 

bulk”effective temperature”of the asphalt mixture. Infrared temperature guns only read localized 

surface temperatures [33], which drop rapidly when exposed to ambient cooling air [34]. They also 

frequently fail when blocked by heavy construction dust, mechanical vibration, or paving equipment 

[35]. As recently documented by Zeng et al. [36], visual and optical-based automated monitoring 

systems are extremely vulnerable to environmental occlusion on active construction sites. By using 

volatile odor compounds as an indirect proxy for temperature, our non-destructive evaluation (NDE) 

method bypasses these physical blind spots entirely. 

4.3. Advantages and Engineering Significance 

This technology delivers three core, practical benefits for smart asphalt pavement construction. 

First, the 16.4% accuracy improvement from our three-tier drift compensation strategy proves that 

low-cost MOS sensors can operate reliably, even against the high background noise inherent to 

asphalt mixing plants and paving sites. Second, our Pareto feature importance analysis (Figure 6) 

provides a clear, data-driven roadmap for hardware optimization. Since the top four sensors alone 

account for over 80% of the model’s total predictive power, future commercial sensor arrays can be 

streamlined from eight sensors to four. This will directly reduce hardware costs and cut 

computational load on edge IoT devices, with no meaningful drop in monitoring accuracy. Finally, 

with a regression RMSE of ±6.2°C, our system meets the ±7°C error tolerance requirement for field 

construction use. It can be seamlessly integrated into IoT construction dashboards to deliver real-

time, closed-loop feedback to the asphalt mixing plant. This continuous monitoring ensures the 

asphalt heating process stays within the 140–160°C qualified construction zone, reliably preventing 

asphalt overheating, reducing unnecessary energy waste, and cutting toxic VOC emissions at the 

source. 

4.4. Limitations 

Despite the promising performance of this proof-of-concept laboratory study, our current 

system has non-negligible limitations that must be addressed prior to full industrial deployment. 

First, it is constrained by a relatively modest sample size (n=45), all tested under strictly controlled, 

enclosed headspace conditions. There is a substantial environmental gap between these 250 mL 

sealed vials and open-air construction sites, where dynamic wind speeds, ambient temperature 

fluctuations, and heavy construction dust will dilute VOC concentrations and interfere with long-

term sensor stability. Second, long-term sensor poisoning risks remain an unresolved challenge. 

These risks originate primarily from PAHs and sulfur compounds in asphalt emissions and will 

require ongoing mitigation through optimized periodic purging cycles or adaptive correction 

algorithms. Finally, boundary misclassification between the”over-

temperature”and”qualified”temperature intervals needs further improvement. This optimization 

will rely on larger, high-quality field datasets collected directly from active asphalt construction 

scenarios. 

5. Conclusions and Outlook 

In conclusion, this study has developed and validated a practical non-contact temperature 

monitoring system for hot-mix asphalt production using electronic-nose technology instead of 

traditional probes. By mapping volatile organic compound profiles directly to heating temperatures, 

the method sidesteps the dust buildup and vibration problems that constantly plague contact-based 

thermometers on the plant floor. 

The numbers tell the real story. Across the full operating range from 100 °C to 180 °C, the 

optimized Random Forest classifier achieved an overall accuracy of 88.9 percent. More importantly, 
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it delivered a recall of 94.4 percent in the critical “qualified” window of 140–160 °C—the range that 

actually determines mix quality. On the regression side, the model posted an R2 of 0.95 and an RMSE 

of only ±6.2 °C, keeping every test sample comfortably inside the ±7 °C tolerance engineers rely on. 

Sensor drift has always been the toughest challenge for e-nose systems in harsh field conditions. 

We solved it with a simple three-step compensation pipeline: baseline correction, PCA subtraction, 

and ComBat batch-effect removal. Ablation tests proved this approach alone boosted model accuracy 

by 16.4 percent, letting us pull the true temperature signal out of the noise without losing the 

underlying chemistry. 

Feature-importance analysis showed that the TGS2602 sensor—highly sensitive to sulfur 

compounds and heavier aromatics—did most of the heavy lifting. That result lines up perfectly with 

the vaporization behavior of asphalt’s SARA fractions, confirming the system is reading real 

molecular changes rather than just bulk expansion. A quick Pareto check further revealed that the 

top four sensors already drive more than 80 percent of the predictive power, which gives us a clear 

roadmap for building a smaller, cheaper array later. 

These laboratory results look promising, but the real test will come on actual construction sites. 

Looking ahead, three priorities stand out. First, we will run multi-point field trials to measure the 

effects of wind gusts, long-term sensor fouling, and changing ambient conditions. Second, we plan 

to fuse e-nose data with infrared and humidity readings inside lightweight Transformer or BPNN 

models to drive the RMSE even lower. Third, full IoT integration will feed the system straight into 

plant control loops, enabling true closed-loop, autonomous operation. 

Taken together, the work shifts electronic-nose technology from simple qualitative “odor 

fingerprinting” to reliable, quantitative process monitoring. It lays down a realistic foundation for 

smarter, lower-carbon asphalt production that can actually be deployed in the field. 
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