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Abstract 

Visual inspection of the internal surfaces of industrial pipes is difficult to automate because the imaging conditions are hostile: 

illumination is non-uniform and specular, the curved surface introduces strong perspective distortion, and the working space is 

too confined to permit repositioning of the sensor. Purely classical image-processing pipelines respond poorly to these conditions, 

while single-stage deep detectors trade localization precision for speed and two-stage detectors incur a computational cost that 

is awkward for on-crawler deployment. This paper presents an adaptive multi-stage vision framework that combines classical 

image enhancement with two complementary deep detectors and resolves their outputs through an adaptive fusion stage. Raw 

frames are first normalized and denoised to compensate for illumination non-uniformity, after which gradient- and texture-based 

descriptors are extracted to expose structural discontinuities such as cracks, pitting corrosion and surface deformation. A YOLO-

style detector then proposes candidate defect regions at frame rate, and a region-based convolutional network refines the 

surviving proposals. Rather than combining the two detectors with fixed weights, the framework computes a scalar confidence 

score as a convex combination of the two detector responses, with the mixing coefficients and the acceptance threshold both 

adapted to a per-frame estimate of image quality. This allows the system to lean on the fast detector when the frame is well 

illuminated and on the refinement branch when contrast collapses. The framework was evaluated on 1,200 pipe inspection images 

captured under varied illumination and surface conditions. It achieved 92.8% precision, 91.2% recall and 93.4% accuracy, while 

reducing the false positive rate to 3.1% from 9.8% for the strongest single-detector baseline. The results indicate that adaptive, 

quality-conditioned fusion is a more effective use of detector ensembles in constrained inspection environments than either 

detector alone or a fixed-weight combination. 
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1. Introduction 

Pipes and tubular assets carry the operating load of refiner-

ies, petrochemical plants, power stations and municipal drain-

age networks, and their internal condition governs both plant 

availability and safety. Inspection of these assets is still largely 

a manual, judgement-driven exercise in which a trained tech-

nologist reviews recorded video frame by frame. The volume 
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of footage generated by a modern inspection campaign makes 

this approach expensive, slow and inconsistent between oper-

ators, which is precisely why automated interpretation of in-

spection imagery has attracted sustained attention [1, 2]. 

The imaging problem itself is what makes automation hard. 

Illumination inside a pipe is supplied by a light source rigidly 

coupled to the camera, so the scene is lit from a single direc-

tion and exhibits a pronounced radial falloff together with 

specular return from wet or polished surfaces. The pipe wall 

curves away from the sensor, so a defect of fixed physical size 

occupies a rapidly varying number of pixels depending on its 

axial position. The bore diameter constrains both stand-off 

distance and viewing angle, removing the option of simply ac-

quiring a better image. Under these conditions classical seg-

mentation techniques built on global thresholding [3], gradi-

ent-based edge extraction [4], texture descriptors [5] or local 

contrast enhancement [6] behave unpredictably: parameters 

tuned on one section of pipe generalize poorly to the next, and 

the resulting false positive burden erodes operator trust in the 

automated output. 

Deep learning has changed the picture substantially. Single-

stage detectors of the YOLO family localize objects in a single 

forward pass and are therefore attractive for real-time inspec-

tion [7], while region-based convolutional networks and their 

successors achieve higher localization precision by explicitly 

generating and refining region proposals [8, 9]. Neither family 

is uniformly superior for this application. The single-stage de-

tector is fast but degrades on small, low-contrast defects; the 

two-stage detector is accurate but its cost is difficult to absorb 

on an embedded inspection platform, and its advantage nar-

rows when the input frame is itself of poor quality. 

This paper argues that the useful move is not to choose be-

tween these families but to combine them in a way that re-

sponds to the observed quality of each frame. The contribution 

of this work is threefold. First, it presents a complete multi-

stage pipeline that couples classical enhancement and feature 

extraction to a dual-detector stage. Second, it introduces an 

adaptive fusion rule in which the weighting between the two 

detectors and the acceptance threshold are both conditioned 

on a per-frame image quality estimate, rather than fixed of-

fline. Third, it reports a quantitative evaluation on a dataset of 

pipe inspection images acquired under deliberately varied il-

lumination and surface conditions, showing that the adaptive 

combination outperforms either constituent detector and sub-

stantially suppresses false positives. 

The remainder of the paper is organized as follows. Sec-

tion 2 reviews related work in classical and learning-based 

pipe inspection. Section 3 states the problem and the result-

ing system requirements. Section 4 describes the proposed 

framework and Section 5 gives its mathematical formula-

tion. Section 6 details the experimental setup, Section 7 re-

ports results together with an ablation analysis, and Section 

8 discusses deployment considerations and limitations. 

Section 9 concludes. 

2. Related Work 

2.1. Classical Image Processing for Surface 

Inspection 

Early automated inspection systems relied on hand-de-

signed image operators. Otsu thresholding [3] and its local 

variants separate candidate defect pixels from background by 

intensity statistics, and remain a common baseline because 

they are cheap and require no training data. Gradient operators 

such as the Canny detector [4] locate intensity discontinuities 

associated with cracks and edges of spalled regions, while co-

occurrence texture descriptors [5] capture the roughness sig-

nature characteristic of corrosion. Contrast limited adaptive 

histogram equalization [6] is widely used as a preprocessing 

step to compensate for the illumination falloff typical of bo-

rescope imagery. The common weakness of these methods is 

their sensitivity to parameter choice: because the operating 

point is fixed offline but the imaging conditions vary continu-

ously along the pipe, the false positive rate is high and unsta-

ble. 

2.2. Deep Object Detectors 

Convolutional detectors fall broadly into single-stage and 

two-stage families. Single-stage methods including YOLO [7] 

and SSD [10] regress class scores and box coordinates directly 

from a dense feature map, which makes them fast enough for 

live video; subsequent revisions improved their accuracy on 

small objects through better backbones and augmentation 

strategies [11]. Two-stage methods derive from R-CNN [8], 

which first proposes regions and then classifies them; Faster 

R-CNN [9] internalized proposal generation into the network 

and Mask R-CNN [12] extended the formulation to instance 

segmentation. Multi-scale feature aggregation [13] and loss 

reweighting for class imbalance [14] have narrowed the accu-

racy gap between the two families, but the underlying trade-

off between inference cost and localization precision persists 

and is directly relevant to inspection hardware operating under 

power and thermal constraints. 

2.3. Detector Ensembling and Fusion 

Where multiple detectors are available, their outputs must 

be reconciled. Greedy non-maximum suppression discards 

overlapping boxes and therefore loses the evidence contained 

in the discarded detections; Soft-NMS [15] mitigates this by 

decaying rather than deleting scores. Weighted boxes fusion 

[16] goes further and constructs consensus boxes from the full 

set of proposals weighted by confidence, and has become a 

standard ensembling technique in detection challenges. These 

methods are, however, agnostic to the condition of the input 

image: the weighting reflects detector confidence but not the 

reliability of the frame that produced it. The framework pro-
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posed here differs precisely on this point, conditioning the fu-

sion weights on a measured property of the frame itself. 

2.4. Learning-Based Pipe and Sewer Inspection 

Within the inspection domain specifically, Cheng and 

Wang applied Faster R-CNN to CCTV imagery of sewer pipes 

and demonstrated accurate detection of cracks, deposits, infil-

tration and root intrusion [1, 17]. Yin et al. built an end-to-end 

framework around a YOLOv3 detector and emphasized the 

data-flow engineering required to process large volumes of 

recorded footage in near real time [2]. Class imbalance, an 

acute problem in inspection datasets where defects are rare 

relative to nominal frames, has been addressed through hier-

archical classification [18] and through classification method-

ologies designed for heavily skewed image sets [19, 20]. Seg-

mentation-based formulations have also been explored, in-

cluding improved U-Net architectures for pixel-level defect 

delineation [21], integrated defogging and deblurring front-

ends for degraded footage [22], and instance segmentation 

coupled with three-dimensional reconstruction for capsule-

type inspection robots [23]. 

Taken together, this body of work establishes that both de-

tector families are viable in the inspection domain and that im-

age degradation is a first-order concern. What has received 

comparatively little attention is the combination of the two de-

tector families under an explicitly adaptive, quality-condi-

tioned fusion rule, which is the gap this paper addresses. 

3. Problem Statement and System 

Requirements 

The task is to detect and classify surface defects on the in-

ternal wall of a pipe from a monocular image stream acquired 

by a camera and coaxial light source mounted on an inspection 

crawler. Three properties of this setting drive the design. 

Illumination is neither uniform nor controllable. Because 

the source is coaxial with the sensor, radiance falls off with 

distance along the bore and specular highlights appear wher-

ever the surface is wet or polished. The consequence is that 

absolute intensity carries little information about defect pres-

ence, and any decision rule anchored to a fixed intensity is 

unreliable. 

Scale varies continuously. The curved wall recedes from the 

sensor, so the pixel footprint of a defect depends on where it ap-

pears in the frame. A detector must therefore be robust across a 

wide range of apparent object sizes within a single image. 

The cost of a false positive is asymmetric but not negligible. 

A missed defect carries obvious safety consequences, but an 

inspection system that raises frequent spurious alarms is aban-

doned by its operators, so recall cannot be purchased at arbi-

trary expense in precision. The system requirement adopted 

here is high recall subject to a false positive rate low enough 

that the automated output can be reviewed rather than re-in-

spected. 

These properties yield four concrete requirements: the pipe-

line must normalize away illumination variation before any 

decision is made; it must combine detectors with complemen-

tary speed and precision characteristics; the combination must 

adapt to the observed frame quality rather than assume a fixed 

operating point; and the whole must run within the compute 

envelope of a portable inspection platform. 

4. Proposed Framework 

The proposed system is a five-stage pipeline: preprocessing, 

feature extraction, dual-path detection, adaptive fusion, and 

defect classification and reporting. Figure 1 shows the overall 

architecture. 

 
Figure 1. Architecture of the proposed adaptive multi-stage inspec-

tion framework. 

4.1. Preprocessing 

Each incoming frame is converted to a normalized intensity 

representation in which the per-frame mean is removed and the 

result is scaled by the per-frame standard deviation. This re-

moves the global component of the illumination falloff and 

makes subsequent thresholds comparable across frames ac-

quired at different stand-off distances. Local contrast is then re-

stored using contrast limited adaptive histogram equalization 

[6], which recovers detail in the darker peripheral region of the 

frame without amplifying noise in the bright central region. 

Edge-preserving smoothing suppresses sensor noise while re-

taining the sharp intensity transitions that characterize cracks. 

4.2. Feature Extraction 

Two complementary descriptor families are computed. 

Gradient magnitude, obtained from the horizontal and vertical 

intensity derivatives, highlights linear discontinuities associ-

ated with cracking and mechanical damage [4]. Second-order 

texture statistics derived from the gray-level co-occurrence 

matrix [5] characterize the granular, spatially extended signa-

ture of corrosion and pitting, which gradient operators handle 

poorly. These descriptors are used both to enrich the input to 

the detection stage and, as described in Section 4.4, to derive 

the frame quality estimate that drives the fusion rule. 

4.3. Dual-Path Detection 

Detection proceeds along two parallel paths. The first is a 

YOLO-style single-stage detector [7] operating on the en-

hanced frame, which produces candidate defect regions with 

associated confidence scores at frame rate. The second is a re-

gion-based convolutional network [8, 9] which refines the 
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candidate set, resolving the class label and tightening the 

bounding geometry. Running the refinement branch only on 

the candidates emitted by the first path keeps the aggregate 

cost tractable, since the number of proposals evaluated by the 

expensive branch is bounded by the output of the cheap one. 

4.4. Adaptive Fusion 

The two detector responses are combined into a single con-

fidence score by convex combination, with the mixing coeffi-

cients determined per frame rather than fixed. The intuition is 

straightforward: when the frame is well illuminated and lo-

cally contrasted, the single-stage detector is already reliable 

and should dominate; when contrast collapses or the specular 

component is large, the refinement branch carries more infor-

mation and should be weighted accordingly. The frame qual-

ity estimate is computed from the contrast and gradient-energy 

statistics already available from the feature extraction stage, 

so the adaptation adds negligible cost. The acceptance thresh-

old is adapted from the same statistic, so that the operating 

point tightens in frames where spurious responses are likely. 

This is the principal point of departure from confidence-only 

ensembling schemes such as weighted boxes fusion [16], 

which weight by detector confidence but treat all frames as 

equally trustworthy. 

4.5. Defect Classification and Reporting 

Surviving detections are assigned a defect class and a se-

verity score derived from the fused confidence, the estimated 

defect extent and the local texture response. Output is written 

as an annotated frame together with a structured record con-

taining axial position, class, severity and confidence, which is 

the form required for downstream condition assessment and 

maintenance planning. 

5. Mathematical Formulation 

Let I(x, y) denote the intensity of the input frame at pixel (x, 

y), with mean μ and standard deviation σ computed over the 

frame. The normalized frame is 

Iₙ(x, y) = [I(x, y) − μ] / σ             (1) 

Gradient magnitude is obtained from the horizontal and ver-

tical derivative responses Gₓ and G_y as 

G = √(Gₓ2 + G_y2)                 (2) 

Let Y(x) and R(x) denote the confidence returned by the 

single-stage and region-based detectors respectively for can-

didate region x. The fused detection score is the convex com-

bination 

S(x) = α · Y(x) + β · R(x), with α + β = 1      (3) 

where the weights are not constants but functions of a scalar 

frame quality index q, normalized to the unit interval and es-

timated from the contrast and gradient-energy statistics of the 

frame, such that α = α(q) increases with q. A candidate is ac-

cepted as a defect when 

S(x) ≥ τ(q)                      (4) 

with τ(q) an adaptive threshold that rises as q falls, tightening 

the operating point on frames of low measured quality. Setting 

α constant and τ constant recovers the conventional fixed-

weight ensemble as a special case, which is the comparison 

drawn in Section 7. 

Detection performance is reported using the standard quan-

tities 

Precision = TP / (TP + FP), Recall = TP / (TP + FN)   (5) 

Accuracy = (TP + TN) / (TP + TN + FP + FN)     (6) 

where TP, TN, FP and FN denote true positive, true negative, 

false positive and false negative counts respectively, with a 

detection counted as correct when its intersection over union 

with the annotated region exceeds 0.5. 

6. Experimental Setup 

The framework was evaluated on a dataset of 1,200 pipe 

inspection images acquired under deliberately varied illumi-

nation and surface conditions, so that the evaluation would re-

flect the range of frame quality encountered in practice rather 

than a curated best case. Images were captured at a resolution 

of 1920 × 1080 pixels. The dataset was partitioned into 70% 

for training and 30% for testing, with the partition made at the 

level of inspection runs rather than individual frames to pre-

vent adjacent and near-identical frames from appearing on 

both sides of the split. 

All experiments were run on a workstation equipped with 

an NVIDIA RTX 3060 GPU. Detector weights were initial-

ized from public pretrained checkpoints and fine-tuned on the 

training partition. The quality index mapping used by the 

adaptive fusion rule, together with the corresponding thresh-

old schedule, was calibrated on the training partition only; no 

test data was used in selecting the operating point. 

Three baselines were evaluated on the same partition for 

comparison: a classical global thresholding pipeline, the sin-

gle-stage detector operating alone, and the region-based de-

tector operating alone. 

7. Results and Ablation Analysis 

7.1. Quantitative Comparison 

Table 1 reports precision, recall, accuracy and false positive 
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rate for the proposed framework and the three baselines on the held-out test partition. 

Table 1. Detection performance of the proposed framework and baseline methods on the test partition. 

Method Precision (%) Recall (%) Accuracy (%) False Positive Rate (%) 

Global thresholding (baseline) 62.4 58.2 60.5 21.6 

YOLO detector only 78.1 74.9 76.4 12.3 

R-CNN detector only 81.6 79.3 80.1 9.8 

Proposed adaptive fusion 92.8 91.2 93.4 3.1 

 

The classical thresholding baseline performs poorly across 

every metric, confirming that a fixed intensity decision rule 

cannot cope with the illumination variation present in the da-

taset; its false positive rate of 21.6% would be unusable in ser-

vice. Both learned detectors improve substantially on it, with 

the region-based detector outperforming the single-stage de-

tector on all four metrics, consistent with the accuracy-versus-

speed trade-off established in the general detection literature 

[9]. The proposed framework exceeds the stronger single-de-

tector baseline by 11.2 percentage points of precision and 11.9 

percentage points of recall, and reduces the false positive rate 

from 9.8% to 3.1%, a relative reduction of approximately 68%. 

The magnitude of the false positive reduction is the result 

of most practical significance. Precision and recall gains of ten 

points improve the statistics of the system; a three-fold reduc-

tion in spurious alarms changes how the output is used, since 

it brings the review burden down to a level at which an oper-

ator can audit the automated result rather than repeat the in-

spection independently. 

7.2. Ablation Analysis 

The rows of Table 1 constitute a natural ablation of the pro-

posed framework, since each baseline corresponds to the re-

moval of one component. Removing both learned detectors 

and retaining only classical processing yields the thresholding 

row. Retaining the single-stage detector but removing the re-

finement branch and the fusion stage yields the YOLO-only 

row, at 76.4% accuracy. Retaining the refinement branch but 

removing the single-stage proposal generator and the fusion 

stage yields the R-CNN-only row, at 80.1% accuracy. The full 

framework reaches 93.4%. 

Two observations follow. First, the gain of the full frame-

work over the better single detector, at 13.3 percentage points 

of accuracy, is larger than the gap between the two single de-

tectors, at 3.7 points. The improvement therefore cannot be 

attributed to simply having selected the better of the two ar-

chitectures; it arises from their combination. Second, the false 

positive rate falls faster than the error rate as components are 

added, which is consistent with the adaptive threshold sup-

pressing weakly supported detections specifically on frames 

where the quality index is low, rather than uniformly raising 

the confidence bar across the dataset. 

A systematic sweep of the weighting function and threshold 

schedule, isolating the contribution of adaptive weighting 

from that of adaptive thresholding, was not performed in this 

study and is identified as future work in Section 9. 

7.3. Discrimination and Per-Class Behaviour 

 
Figure 2. Receiver operating characteristic curve of the proposed 

framework on the test partition. 

Figure 2 shows the receiver operating characteristic curve 

of the fused detector on the test partition, with an area under 

the curve of 0.96. The curve rises steeply in the low false-pos-

itive-rate region, which is the operating regime of interest for 

inspection: at the selected threshold the system retains high 

true positive rate while holding the false positive rate near the 

value reported in Table 1. Figure 3 gives the corresponding 

confusion matrix across the three defect classes considered in 
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this study. Errors are concentrated in adjacent-class confu-

sions rather than in defect-versus-background decisions, indi-

cating that the fusion stage is effective at establishing that a 

defect is present and that the residual error is largely one of 

class assignment. 

 
Figure 3. Confusion matrix of the proposed framework across the 

three defect classes. 

8. Discussion, Deployment 

Considerations and Limitations 

8.1. Interpretation 

The results support the central claim of this work: in an im-

aging environment whose quality varies substantially within 

and between inspection runs, conditioning the fusion of com-

plementary detectors on measured frame quality yields better 

performance than either detector alone. The mechanism is in-

tuitive. A fixed-weight ensemble is optimal on average across 

the distribution of frame conditions but suboptimal on any 

particular frame; allowing the weights to move with the ob-

served condition recovers part of that loss. Because the quality 

index is computed from statistics already produced by the fea-

ture extraction stage, this adaptation is close to free in compu-

tational terms. 

8.2. Deployment Considerations 

The architecture was designed with embedded inspection 

platforms in mind. The two-path structure bounds the number 

of proposals passed to the expensive refinement branch by the 

output of the cheap one, so the aggregate cost is dominated by 

the single-stage detector on nominal frames where few candi-

dates are raised. Evaluation in this study was carried out on 

desktop-class hardware, and quantitative characterization of 

latency and power draw on embedded inference accelerators 

has not been performed; claims about real-time performance 

on crawler-mounted hardware would require that characteri-

zation and are not made here. 

8.3. Limitations 

Three limitations should be stated plainly. The dataset com-

prises 1,200 images, which is modest relative to inspection da-

tasets reported elsewhere in the literature [1, 2], and the gen-

eralization of the calibrated quality mapping to pipe materials, 

diameters and defect morphologies outside this dataset has not 

been established. The evaluation covers three defect classes; 

behaviour on rarer defect morphologies outside this set is not 

characterized. Finally, the study does not include a fixed-

weight fusion baseline with the same two detectors, which 

would isolate the contribution of adaptivity specifically from 

the contribution of ensembling in general; this comparison is 

the most informative single addition that could be made to the 

evaluation. 

9. Conclusion and Future Work 

This paper presented an adaptive multi-stage vision frame-

work for defect detection on the internal surfaces of industrial 

pipes. The framework couples classical illumination normali-

zation and descriptor extraction to a dual-path detection stage, 

and resolves the two detector responses through a fusion rule 

whose weights and acceptance threshold are conditioned on a 

per-frame estimate of image quality. On a dataset of 1,200 im-

ages acquired under varied illumination and surface condi-

tions, the framework achieved 92.8% precision, 91.2% recall 

and 93.4% accuracy, and reduced the false positive rate to 3.1% 

against 9.8% for the strongest single-detector baseline. 

Four directions are identified for future work. First, a sys-

tematic sweep of the weighting function and threshold sched-

ule, together with a fixed-weight fusion baseline, to isolate the 

contribution of adaptivity from that of ensembling. Second, 

extension of the evaluation to a larger and more diverse da-

taset spanning multiple pipe materials and diameters, with 

per-class metrics reported. Third, characterization of latency 

and power consumption on embedded inference hardware, as 

a prerequisite to any claim of real-time crawler-mounted op-

eration. Fourth, extension of the output from bounding-box 

detection to pixel-level delineation, which would permit quan-

titative estimation of defect extent and support the severity 

grading required by condition assessment standards. 

Abbreviations 

CCTV Closed-Circuit Television 

CLAHE Contrast Limited Adaptive Histogram 

Equalization 

CNN Convolutional Neural Network 
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FPR False Positive Rate 

GLCM Gray-Level Co-occurrence Matrix 

GPU Graphics Processing Unit 

IoU Intersection over Union 

NMS Non-Maximum Suppression 

R-CNN Region-based Convolutional Neural Network 

RoI Region of Interest 

YOLO You Only Look Once 
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