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Abstract. This study develops an S4D-Transformer model for concrete pouring quality assessment driven by thermal video 
and pump-pressure data. The task aims to detect cold-joint risk, segregation, inadequate vibration, pressure interruption, 
unstable pumping, and abnormal hydration-temperature response before defects become difficult to correct after hardening. 
A simulated construction dataset is built with 9,800 pouring windows, 420 thermal video sequences, 18 pump-pressure 
channels, 36 structural zones, and four member types: wall, slab, column, and beam sections. The proposed workflow aligns 
thermal frames and pressure pulses in fixed pouring windows, extracts surface-temperature texture, pressure fluctuation, 
flow stability, pumping pause, vibration-response, pouring-route, and zone-context features, and then combines S4D long-
range state memory with Transformer cross-modal fusion. Compared with pressure-only, thermal CNN, LSTM fusion, 
temporal convolution, and Vision Transformer baselines, the model improves pouring-quality classification accuracy to 92.8%, 
raises cold-joint recall to 90.7%, and reduces false alarms by 26.3%. Average inference delay is 41 ms per window, supporting 
near-real-time site review. The method should be interpreted as an engineering decision-support tool and still requires 
validation with real thermal cameras, pump-controller logs, vibration records, field inspection labels, and project-specific 
acceptance criteria. 
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Introduction 
Fluctuations in temperature, pump pressure changes, vibration status and simultaneous surface texture 
variations are all problems for real-time quality inspection during concrete pouring [1]. Thermal imaging has a 
small temperature difference, and thermal contrast is also affected by weather, formwork shadows, material 
thickness, curing conditions, and camera angle [2]. Pump-pressure data can show a delivery interruption, a trend 
of pipe obstruction and unstable flow; however, a pressure peak is not always caused by a serious quality defect 
[3]. Deep sequence models can connect multiple construction data streams over time in the absence of manual 
observation [4]. The foreman will observe the speed of pouring, surface smoothness, bleeding, vibration marks 
and placement continuity at the construction site. These cues are convenient but subjective, and they are less 
so when several pouring zones work together. A digital model can organise thermal video and pressure data into 
a continuous-quality record. 

When concrete is poured in areas with dense reinforcement, long wall sections, high columns, large slabs and 
beam-column connections, multi-source inspection is required. Construction monitoring studies [5] have shown 
that variable inspection standards, a lack of supervision records and irregular data are common problems in site 
quality documentation. Research on thermal monitoring [6] links the early-stage distribution of temperature 
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with moisture and setting behaviour, and pressure-based process diagnosis [7] relates pumping stability to 
flowability and delivery resistance. The two data sources may be different. A stable pressure curve will still be 
observed if the local vibration is not severe, and the thermal pattern will be reasonable during an intermediate 
delivery interruption. Research on intelligent construction supports integrated sensing [8], but the actual system 
still needs to address long sequences, short interruptions and cross-zone variations. 

The three kinds of models are: First, it should retain long-range sequence information because cold-joint risk 
may be caused by several earlier pauses rather than one anomalous frame. Second, it should preserve local 
events as a vibration mark, heat streak or short pressure pulse can be an important quality cue. Third, the output 
should indicate which zone, time window and signal source triggered the alarm for the site engineer to verify. 
Transformer-based fusion [9] can connect thermal patterns and pressure states, and state-space sequence 
modeling [10] is suitable for long-range dependencies. The proposed S4D-Transformer combines the above 
strengths to process thermal video and pump-pressure data simultaneously and to generate quality scores for 
cold-joint risk, segregation, inadequate vibration, and unstable pumping. 

This paper's structure is not predicated on a particular method, but rather on the construction quality evaluation 
objective. In Section 2, sequence modelling, pump pressure signal analysis, and thermal video monitoring are 
used to evaluate the quality of construction. The synchronous thermal-pressure data stream, the S4D-
Transformer design, the quality-scoring goal, and the warning output are all introduced in Section 3. Using data 
figures and a comparison table, Section 4 examines the simulated dataset, prediction accuracy, defect reaction, 
ablation behaviour, robustness, latency, and practical deployment. The primary conclusion and shortcomings of 
the approach are presented in Section 5. 

Related Work 

Thermal Video-Based Concrete Construction Monitoring 

Thermal imaging is used during construction inspections to detect temperature variations that are difficult to 
see in a standard RGB video. Concrete work's surface temperature can reveal information about formwork 
contact, material discontinuity, hydration reaction, surface moisture, and environmental exposure. Zhu and 
Wang [11] showed that early-age concrete temperature evolution is closely related to heat-transfer conditions 
and crack-control behavior, which supports the use of thermal change as process evidence rather than a simple 
surface image. Guo et al. [12] further indicated that image-based concrete defect assessment can capture weak 
visual abnormalities under low-light, overexposed, and blurred conditions, and this is relevant to thermal 
inspection because construction-site images often contain incomplete and unstable visual cues. However, there 
is no direct connection between the internal features and thermal pictures. Solar radiation, camera distance, 
wind, and curing conditions all affect temperature patterns. Thermal evidence and contextual process data have 
recently been combined in vision-based construction monitoring, and Kang et al. [13] showed that concrete 
defect detection benefits from linking image evidence with practical deterioration categories. It refers to the 
combination of zone-level temperature differential, surface cooling rate, and thermal texture interpretations 
under pumping and vibration circumstances for pouring quality evaluation. 

Pump Pressure Signal Analysis and Pouring Process Diagnosis 

An indirect process indication of the delivery of ready-mixed concrete is pump pressure. Keep track of pressure 
pulses brought on by local obstructions, delivery height, cylinder switching, pipe friction, and mixture 
consistency. Construction equipment signals can anticipate process instability prior to the final product 
inspection, according to studies on pressure monitoring [14]. Additionally, Concrete Pumping Analysis [15] 
demonstrates the relationship between a change in pressure and variations in workability and flow resistance. 
Pump pressure, on the other hand, is a local or semi-local indication. It may discover that the delivery method 
is erratic, but it is not always able to identify the specific structural section that has a quality issue. In order to 
correlate local visual evidence with pump-side recordings, sensor fusion research [16] is required. In this article, 
pressure signals are not considered separate time series. They are mapped to thermal windows after being 
transformed into pulse characteristics, pause length, pressure-slope descriptors, and flow-stability indicators. 
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Sequence Modeling for Construction Quality Assessment 

Extended time series and local disruptions are common in construction quality assessments. Sequence 
dependency may be addressed by Recurrent Neural Networks (RNNs), and while temporal convolution works 
well for analysing local patterns, both are inadequate for cross-modal reasoning and stable long-term memory. 
Because attention may connect distant regions, transformer models [17] have been widely used in sequence 
fusion. S4-style models [18] have demonstrated strong performance in learning long-range sequences, while 
state-space models [19] are another approach that models lengthy sequences with an effective recurrence-like 
structure. State-space memory and attention have just started to be included into hybrid sequence models [20]. 
This is how the suggested model proceeds. Transformer attention is utilised to link pressure changes with 
changes in thermal texture within the same structural area, while S4D is used to maintain the long-pouring-state 
development. 

Methodology 

Multi-Source Pouring Data Construction 

The input is constructed using thermal video frames and pump-pressure data from a simulated concrete-pouring 
operation. 120 thermal frames sampled at 10Hz are included in each 12-second pouring window; pump pressure 
is resampled at the same time grid. Four types of members—walls, slabs, columns, and beams—and 36 pouring 
zones make up the simulated project. A pouring path, pump outlet distance, reinforcement density, ambient 
temperature, and vibration data are all linked to each zone. The entire process from thermal-pressure collection 
to quality evaluation output is depicted. The data flow, preprocessing path, feature building, synchronisation 
rule, and warning output may all be seen as a single construction process if Figure 1 is positioned before the 
model structure. 

 
Figure 1. Thermal-pressure concrete pouring quality assessment workflow. 

 
The thermal video sequence is first converted into a zone-level temperature field. The notation uses a 
normalized frame because the model should compare temperature evolution across structural members rather 
than memorize absolute camera brightness. 

𝑇𝑇𝑡𝑡 = norm� frame 𝑡𝑡thermal ,𝐴𝐴𝑧𝑧,𝐻𝐻𝑧𝑧� Eq.(1) 

The pump pressure sequence is aligned with the thermal window by timestamp and construction zone. Pressure 
values are represented with local slope and pulse amplitude so that short delivery disturbances remain visible 
after resampling. 
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𝑃𝑃𝑡𝑡 = [𝑝𝑝𝑡𝑡 , 𝑝𝑝𝑡𝑡 − 𝑝𝑝𝑡𝑡−1, max(𝑝𝑝𝑡𝑡−𝑘𝑘:𝑡𝑡) − min(𝑝𝑝𝑡𝑡−𝑘𝑘:𝑡𝑡)] Eq.(2) 
The multi-source feature vector combines thermal texture, pressure fluctuation, pouring-route position, 
reinforcement density, vibration state, and elapsed time from the last pouring pause. In the simulated dataset, 
each time step contains 46 normalized dimensions, including 18 thermal descriptors, 12 pressure descriptors, 
and 16 construction-context descriptors. 

𝑥𝑥𝑡𝑡 = concat(𝑇𝑇𝑡𝑡 ,𝑃𝑃𝑡𝑡 , 𝑧𝑧𝑡𝑡 , 𝑣𝑣𝑡𝑡 , 𝑐𝑐𝑡𝑡) Eq.(3) 
False quality tags won't be produced by the synchronisation rule. The window will be retained for robustness 
testing but removed from the primary training if the temperature and pressure timestamps are greater than 80 
ms apart. Each window has been categorised as qualified pouring, cold-joint danger, segregation risk, insufficient 
vibration, or unstable pumping based on simulated process records and visual evidence. There isn't just one 
criterion that determines the labels. A segregation label has an uneven surface texture and pressure instability; 
a cold-joint label has a pause length, thermal boundary evidence, and zone transition; and an inadequate-
vibration label displays a poor vibration response and local thermal unevenness. Label construction is therefore 
more in line with the engineering site evaluation. 

S4D-Transformer Feature Encoding 

There are two collaborating streams in the S4D-Transformer concept. Transformer attention is used for inter-
window linkages between heat and pressure evidence, whereas S4D sequence encoding is used in one stream 
to preserve long-range pouring-state memory. The S4D-Transformer feature encoding and quality rating system 
is shown in Figure 2. Thermal patches, pressure pulses, zone context, and vibration indicators all use different 
embedding layers. Since the S4D block simulates the ongoing pouring-state development, subsequent windows 
will be impacted by earlier pauses, pressure buildup, or temperature accumulation. A Transformer block with 
cross-modally fused features assesses if the pressure pulse and temperature boundary call for a warning before 
the quality head generates a danger score. 

 
Figure 2. S4D-Transformer feature encoding and quality scoring structure. 

 
The embedded input sequence is mapped into a hidden representation. This step keeps the time order of the 
pouring process and allows different sensor sources to share a common feature space. 

𝑒𝑒𝑡𝑡 = 𝑊𝑊𝑒𝑒𝑥𝑥𝑡𝑡 + 𝑏𝑏𝑒𝑒 Eq.(4) 
The S4D state update is used to preserve long-range pouring information. The state records whether a current 
quality response is linked to earlier pauses, pressure build-up, or thermal accumulation across the same zone. 

𝑠𝑠𝑡𝑡 = 𝐴𝐴𝑑𝑑𝑠𝑠𝑡𝑡−1 + 𝐵𝐵𝑑𝑑𝑒𝑒𝑡𝑡 Eq.(5) 
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The observable S4D feature is produced from the hidden state and the current embedded input. This feature 
describes temporal continuity without requiring full attention over every previous frame, which is useful when 
a pumping pause influences the thermal response several windows later. 

Transformer fusion is then applied to connect thermal and pressure tokens. The attention coefficient becomes 
larger when a pressure pulse and a thermal boundary appear in related parts of the same pouring window. 

𝑎𝑎𝑖𝑖,𝑗𝑗 = softmax �
𝑄𝑄𝑖𝑖𝐾𝐾𝑗𝑗𝑇𝑇

√𝑑𝑑
� Eq.(6) 

After obtaining the fused representation by combining the S4D feature with the cross-modal attention output, 
a lightweight feed-forward layer is applied. This design retains both local abnormal events and slow pouring-
state development. Because the model must perform near-real-time inspection while pouring is still underway, 
the feed-forward layer is intentionally compact. Weighted temporal pooling then produces the quality feature 
for a single pouring window. The weights are learned from pressure stability, temperature contrast, and zone-
transition state, so short but important abnormal events are not smoothed away. The quality-scoring head 
outputs probabilities for qualified pouring, cold-joint risk, segregation risk, inadequate vibration, and unstable 
pumping. 

Weighted temporal pooling is used to get the quality characteristic of a single pouring window. Weights do not 
smooth out brief but major aberrant occurrences since they are learnt based on pressure stability, temperature 
contrast, and zone-transition state. 

𝑞𝑞𝑤𝑤 = � 
𝑡𝑡

𝛾𝛾𝑡𝑡𝑢𝑢𝑡𝑡 Eq.(7) 

Quality Score and Defect Warning Output 

A multi-class probability vector is produced by the Quality-Scoring Head. Qualified pouring, cold-joint danger, 
segregation risk, inadequate vibration, and unstable pumping are among the classes. The primary class will be 
chosen based on the greatest risk score, even if a single window may have several warning reasons. 

𝑦𝑦𝑤𝑤 = softmax�𝑊𝑊𝑞𝑞𝑞𝑞𝑤𝑤 + 𝑏𝑏𝑞𝑞� Eq.(8) 

Temporal consistency and classification loss are included in the training objective. In order to avoid abrupt 
changes in nearby windows from the same pouring region unless the process has truly altered, a consistency 
term is included. This section often penalises abrupt feature changes between neighbouring windows, although 
it nevertheless permits a sharp rise in the alert when thermal boundary evidence and pressure interruption 
happen at the same time. 

The estimated defect probability multiplied by the current zone's construction consequence weight yields the 
alert score. Compared to a low-risk finishing location, a column base, beam-column connection, or lengthy wall 
section has a larger consequence weight. 

𝑅𝑅𝑤𝑤 = 𝜎𝜎�𝛽𝛽1𝑦𝑦𝑤𝑤
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝛽𝛽2𝑧𝑧𝑤𝑤 + 𝛽𝛽3𝜏𝜏𝑤𝑤� Eq.(9) 

Results and Discussion 

Dataset and Pouring-State Distribution 

There are 9,800 pouring windows across 36 structural sections in the simulated dataset. Wall sections account 
for 31.6% of windows, slabs for 28.4%, columns for 22.0%, and beams for 18.0%. The dataset is intentionally 
imbalanced because wall and slab pouring often lasts longer and contains more continuous video frames. Figure 
3 shows dataset composition and pouring-state distribution. Figure 3(a) indicates that wall and slab windows 
form the two largest groups, so the training data contain more long-duration pouring scenes than short member 
segments; columns and beams remain smaller but necessary groups because their geometry and pouring rhythm 
create different thermal-pressure responses. Figure 3(b) separates the pumping process into stable, oscillation, 
pause, and resistance states, and the stable category reaches 56%, which means the model must avoid being 
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biased toward normal delivery while still detecting short abnormal pressure windows. Figure 3(c) compares 
thermal-response groups across member types, showing that uniform responses dominate walls and slabs, 
whereas delayed and boundary responses become more visible in columns and beams; this pattern explains why 
thermal video alone may miss risk when surface temperature changes lag behind pump-pressure disturbance. 
Figure 3(d) reports quality-risk labels, where normal windows account for 0.62 and abnormal categories such as 
segregation, low vibration, cold joint, and review cases occupy smaller shares, so the evaluation must consider 
minority-risk recognition rather than only overall accuracy. The four views show that the evaluation is not simple 
visual classification, because the model must jointly interpret member shape, pressure behavior, temperature 
evolution, fault-label distribution, and construction consequence [21]. 

 
Figure 3. Dataset composition and pouring-state distribution. (a) Member-type proportions. (b) Pumping-state categories. (c) Thermal-

response groups. (d) Quality-risk labels. 
 

Their performance is compared in Table 1. Because its numerical values must be read in conjunction with the 
complexity of the simulated records, the table is located in the dataset section. Due to its inability to monitor 
the thermal boundary following a pause, a pressure-only model offers strong unstable-pumping detection but 
is unable to detect many cold-joint situations. A thermal-only model detects surface irregularities, but because 
of variations in the surrounding temperature, it generates false alerts. Although the sequence outcome is 
improved by LSTM and temporal convolution, its cold-joint recall is still lower than that of the suggested 
technique due to the weakening of various long-range pause effects during hidden-state compression. The S4D-
Transformer has achieved 41 ms latency, 90.7% cold-joint recall, and 92.8% total accuracy. The statistics 
demonstrate that the model is still quite compact and appropriate for analysing new flaws very instantly. Among 
these, fewer false alarms are a practical indicator rather than a supporting statistic. The site engineers will 
disregard the future alarms if the warning system consistently reports typical temperature variations as quality 
issues. With a lower false alarm rate of 6.9%, the output is more suited for construction management. Recall 
and latency should be viewed in tandem, as the table illustrates. Although the Vision Transformer baseline's 
visual representation is superior to that of the thermal CNN, it is less appropriate for continuous inspection in 
many pouring zones because to its 57 ms delay and greater false alarm rate. Although temporal convolution is 
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quick, it lacks enough memory to mitigate the quality risk associated with pauses. The suggested model has 
maintained excellent defect recall while keeping latency within the predicted 120 ms review budget. The balance 
is necessary so that the site manager won't have to make a snap decision after the concrete has been poured 
when it comes time to place the concrete for the following floor. The figures demonstrate that the suggested 
approach also enhances the class that is challenging to achieve in the field. Numerous variants have been 
categorised because normal pouring windows are common and visually stable. There are fewer cold-joint 
windows, their boundary signals are weaker, and they can be used in conjunction with formwork shadow or 
pump adjustment. Therefore, enhancing a large number of easy-normal samples is not as valuable from an 
engineering standpoint as boosting the recall of this class. 

Table 1. Quantitative comparison of concrete pouring quality assessment models. 
Model Accuracy (%) Cold-Joint Recall (%) False Alarm (%) Latency (ms) 

Pressure Only 78.9 66.8 12.7 12 
Thermal CNN 82.4 73.5 11.8 29 
LSTM Fusion 86.1 81.2 9.6 38 

Temporal Conv. 87.6 83.7 8.9 34 
ViT Fusion 89.4 86.3 8.1 57 

S4D-Transformer 92.8 90.7 6.9 41 
 

Class overlap is a second dataset observation. Unstable pumping and cold-joint risk are connected yet distinct. 
The thermal field can be constant if the subsequent layer is positioned within the permissible range, and certain 
pumping breaks are scheduled for hose movement. On the other hand, when concrete spreading is delayed and 
the reinforcing density is large, a surface thermal boundary will emerge shortly after. As a result, rather than 
having a single value, the labels are constructed from many circumstances. The complimentary signals can 
minimise ambiguity, as demonstrated by sensor-fusion studies [22], and the simulated records use this strategy 
by maintaining the separation of the heat, pressure, vibration, and zone descriptors until model fusion. Samples 
at beam-column junctions and long-wall transitions are the most challenging. In certain situations, there may be 
a brief high-resistance segment in the pressure sequence, although the surface temperature varies slowly. The 
model lowers unnecessary alert production by learning to regard this combination as a possible review subject 
rather than a verified problem. 

Controlled disruptions are also included in the dataset. There are 6.2% outside cooling disturbance windows, 
10.4% formwork-shadow windows, and 7.8% camera jitter windows in thermal frames. Short missing parts, 
cylinder-switching pulses, and simulated variations in pipe resistance are examples of pump-pressure recordings. 
To stop the model trained just on clean data from doing abnormally well, add a disturbance. Evaluation should 
take non-stationary signal behaviour and missingness into account, as demonstrated by industrial sequence 
analysis [23]. In this experiment, the disturbance labels are utilised to verify resilience rather than as the final 
quality labels. Distinguish between a building flaw and the sensor disturbance. The two are not the same; an 
engineering warning is necessary for a true pouring problem, but a low-quality input should lead to a decrease 
in review confidence. The suggested model's ability to preserve this distinction in the face of noise is examined 
in the following graphics. The fact that pressure and heat signals fail in distinct ways is another justification for 
adding a disturbance. A darkened region will cause a thermal camera's contrast to decrease, but the delivery 
cycle may still be seen in the pressure curve. The thermal field can still show if concrete installation is going as 
planned even if there is a short in the pressure sensor during pump changeover. As a result, the dataset evaluates 
complementing recovery as opposed to only mean noise tolerance. Automatic alerts are not employed since the 
design is particularly appropriate for the issue of unpredictable input-signal quality at the site. Additionally, a 
disturbance set will prevent the model from learning a shortcut. The model would not be able to identify pump 
continuity and member position if every cold spot was designated as defective. The model would classify the 
typical cylinder changeover as a quality issue if every pressure peak was identified as a malfunction. As a result, 
the model must understand the connection between the physical process and observable reaction since the 
simulated samples contain counterexamples, such as cold but continuous surfaces and high-pressure but well-
compacted placement windows. 

Quality Prediction and Defect Recognition 

The first predicted results are shown in Figure 4. Figure 4(a) shows the general quality-classification accuracy; 
the proposed model is better than pressure-only, thermal-only, LSTM, temporal convolution and Vision 
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Transformer baselines. Figure 4(b) is the cold-joint recall rate, and a missing placement discontinuity may not 
be discovered until the final check. Figure 4(c) shows the reduction of false alarms, and cross-modal fusion avoids 
raising alarms for transient pressure or temperature fluctuations. Based on the above, the model has increased 
both the average prediction accuracy and the usefulness of site reviews, which is consistent with other 
construction analytics studies that consider both operating cost and defect sensitivity [24]. 

 
Figure 4. Model prediction performance. (a) Overall accuracy. (b) Cold-joint recall. (c) Defect-type response. 

 
The combined thermal-pressure evidence is as follows: Figure 5. Figure 5(a) connects the thermal path with 
pressure-pulse timing to show whether a surface-temperature boundary forms after a pumping pause. Figure 
5(b) shows the evolution of the quality score; it increases only when multiple parts of the process evidence agree. 
Therefore, it cannot be concluded that a single-source anomaly is, in fact, a quality defect. Temporary pressure 
oscillation may be process-related; a pause accompanied by local cooling, poor vibration response and a zone 
transition are more indicative of a cold-joint risk. Therefore, Figure 5 supports traceable engineering review 
instead of opaque classification and follows the extended cross-modal sequence-fusion argument that local 
attention and long-memory cues should be combined for complex temporal evidence [25]. 
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Figure 5. Thermal-pressure coupling interpretation. (a) Thermal trajectory and pressure-pulse timing. (b) Cross-modal attention intensity. 

In the typical pouring area, the Quality Score is steady, but it increases dramatically when there are several risk 
flags. During a brief hose displacement in a single simulated wall section, the temperature field is constant and 
the pump pressure rises from 5.8 MPa to 8.3 MPa. The condition is categorised by the model as pressure 
oscillation rather than cold-joint danger. The warning score rises to 0.84 in another section after a 96-second 
wait, a local chilly boundary, and a poor vibration response. As a result, neither a signal abnormality nor a quality 
flaw exists in this instance. A defect alert necessitates evidence that the material condition or placement 
continuity has been compromised, whereas an anomaly may be transient and process-related. Studies on 
construction inspections [26] demonstrate that the automated evaluation utilised in engineering review requires 
interpretable evidence. Consequently, rather than just returning a final class, the model output maintains the 
pressure event, temperature boundary, zone identification, and warning score together. 

There is a use for the confusion pattern as well. The majority of the mistakes are caused by a combination of 
low vibration and high segregation risk, which both produce uneven surfaces. They may be distinguished by the 
pressure sequence: inadequate vibration often results in a steady delivery but a poor vibration response, and 
pressure fluctuation and uneven thermal streaks increase the danger of segregation. Due to thermal visibility 
restrictions brought on by formwork and reinforcement shadows, the suggested model still incorrectly classifies 
some edge situations close to the column bases. These examples demonstrate when the review interface needs 
to ask for manual approval; they do not invalidate the model. The simulated findings support the idea that 
autonomous systems should incorporate prediction and inspection procedures, as suggested by research on 
real-time construction monitoring [27]. As a result, rather of being a definitive technical judgement, a warning 
is given as a review item with signal evidence. A false positive and a false negative have distinct site costs, 
therefore this interpretation is necessary for the concrete job. A false negative will permit a problem to persist 
in the product till later, whereas a false positive will halt the pour and increase labour coordination costs. As a 
result, the model will be assessed concurrently on recall, false alarm, and review load. When the camera view is 
partially blocked and the pump hose is moved quickly, the short column-base window has the greatest remaining 
error rate in the simulated records. Future site usage should incorporate camera location planning, structured 
inspection notes, and thermal-pressure analysis based on the samples. The output class should be linked to a 
likely field activity based on the analysis. Placement discontinuity and layer connection concerns are indicated 
by a cold-joint warning; compaction review is indicated by an insufficient-vibration warning; mixture non-
uniformity is shown by a segregation warning; and pump-line resistance or delivery rhythm problems are 
indicated by an unstable-pumping warning. Thus, the issue of site response and model prediction has been 
resolved. 

Ablation, Robustness, and Deployment Analysis 

Ablation and robustness analysis are shown in Figure 6. When the S4D block is removed, as shown in Figure 6(a), 
the model loses memory of earlier pumping pauses and cold-joint recall drops. Long wall sections are most 
affected because the defect signal is spread across several windows. When Transformer fusion is removed in 
Figure 6(b), false alarms increase because thermal and pressure cues are no longer matched through cross-
modal attention. Figure 6(c) evaluates thermal-noise robustness, and Figure 6(d) evaluates pressure-missingness 
robustness. The revised interpretation emphasizes that absent pressure data should reduce warning confidence 
rather than be hidden by overconfident interpolation [28]. 
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Model performance and deployment interpretation are linked in Figure 7. Figure 7(a) reports inference latency 
under single-zone, four-zone, and eight-zone processing. The proposed model remains within the simulated 120 
ms review budget, with 41 ms per window for single-zone operation and 86 ms for eight-zone batching. Figure 
7(b) reports warning-priority distribution, including normal review, observation, engineering review, and 
emergency warning. This distribution is necessary because a practical site system should not trigger an alarm for 
every minor disturbance. The warning queue is sorted by quality risk and construction consequence weight, so 
a beam-column joint with moderate defect probability may be prioritized above a low-risk slab finishing area 
[29]. 

 
Figure 6. Ablation and robustness analysis. (a) S4D block removal. (b) Transformer fusion removal. (c) Thermal-noise robustness. (d) 

Pressure-missingness robustness. 
 

 
Figure 7. Field-oriented deployment analysis. (a) Inference latency under zone batching. (b) Warning-priority distribution. 
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Traceable deployment is necessary. A site engineer should be able to identify the pouring zone, pressure 
segment, and thermal region that caused a warning. Explainable decision-support research [30] suggests that 
users trust automated systems more when evidence and uncertainty are visible. The proposed model therefore 
outputs a risk score, defect type, confidence level, thermal image region, pressure interval, and construction-
zone tag. An unstable-pumping alert may require checking pipe resistance, pump rhythm, or mixture consistency, 
while a cold-joint warning near a long wall may require immediate review of placement continuity. Anomaly-
detection surveys [31] also show that tail risk, false alarms, and review burden should be reported rather than 
relying only on average performance. 

The goal of the S4D-Transformer model is to transform scattered site signals into a comprehensible construction-
quality record. Thermal video provides local surface evidence, pump pressure provides delivery-process 
evidence, vibration response provides compaction evidence, and zone metadata provides engineering-
consequence evidence. Human-centered AI research shows that decision-support systems should complement 
expert judgment rather than replace it [32]. The revised deployment view therefore includes a review queue 
and signal explanations. Each warning report contains a thermal image region, pressure segment, zone identifier, 
risk score, confidence level, and recommended review type. Engineering inspection remains necessary for final 
quality judgment [33], sample data should be retained to support later verification [34], and raw thermal-
pressure records should be preserved for dispute review or quality tracing [35]. 

Conclusion 
This study presents an S4D-Transformer model for concrete pouring quality assessment using thermal video and 
pump-pressure data. The method constructs synchronized pouring windows, extracts thermal texture and 
pressure-pulse features, models long-range pouring states with S4D, and uses Transformer attention to fuse 
cross-modal evidence. In the simulated dataset, the model outperforms pressure-only, thermal-only, LSTM, 
temporal convolution, and Vision Transformer baselines, increasing overall classification accuracy to 92.8% and 
cold-joint recall to 90.7%. The main contribution is to treat pouring inspection as process-level sequence 
evaluation rather than isolated image or pressure classification. 

First, it is possible to think of concrete-pouring inspection as a sequence evaluation problem at the process level. 
Vibration response, pump-pressure curves, thermal pictures, and structural-zone information are not separate 
sources of proof. They depict several stages of the same building process. In order to differentiate between 
defect-related interruption and intended pumping adjustment, as well as between relevant cold-boundary 
development and ordinary thermal fluctuation, the proposed model combines long-range state memory with 
local cross-modal attention. 

Several limitations remain. Because the dataset is simulated, it cannot fully represent weather variation, camera 
occlusion, mix-design diversity, formwork geometry, pump equipment differences, vibration practice, manual 
operating habits, and project-specific acceptance criteria. A practical implementation should include calibrated 
thermal cameras, validated pump-controller records, vibration sensor logs, field inspection labels, post-
hardening inspection results, and project-specific quality thresholds. Future site application should also preserve 
the original thermal video and pressure history so that warnings can be audited during dispute review or quality 
tracing. These additions are needed before the model can move from controlled simulation to real construction-
quality management. 
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