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Abstract

Crack detection in photogrammetric mining imagery remains challenging due to severe class imbalance, thin and irregular
crack morphology, and complex soil textures that hinder accurate boundary delineation. This study proposes a DeepLabV3+
semantic segmentation model with a ResNet-50 backbone trained using a Composite Loss that integrates Focal Tversky Loss,
Weighted Cross-Entropy Loss, and Boundary Loss into a unified multi-objective framework. The dataset comprised 425
photogrammetric crack images acquired from open-pit mining sites, divided into 380 training and 45 test images. Data
augmentation, including horizontal flip, vertical flip, channel shuffle, and random brightness and contrast adjustment, was
applied to improve model generalization under varying image conditions. The proposed configuration was evaluated against
Default Loss, Binary Cross-Entropy Loss, and Weighted Cross-Entropy Loss. The model achieved a Global Accuracy of 0.9808,
Mean Intersection over Union of 0.7890, and Mean Boundary F1-Score of 0.8642, outperforming all baseline configurations.
Boundary fidelity showed the largest improvement, with a Mean BFScore gain of 27.3% over Default Loss, demonstrating the
effectiveness of Boundary Loss for precise crack contour delineation. The trained model was also deployed in a GUI-based
system supporting automated crack analysis and PDF report generation for practical field application.
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1. Introduction

Ensuring the structural integrity of infrastructure in
mining environments is a pressing challenge that
demands reliable, timely, and scalable monitoring
systems [1]. Ground-surface cracks are among the
carliest and most dependable indicators of soil
instability and structural degradation. This progression
can precipitate operational disruptions, environmental
damage, and critical safety hazards for field personnel

(2], 3]

Traditional inspection methods that rely on manual
observation are  inherently = constrained by
inconsistency, limited spatial coverage, and significant
time demands, making them ill-suited to the dynamic
and distributed nature of active mining terrain [4], [5].
These limitations have driven substantial research

interest in computational image processing and
artificial intelligence as enabling technologies for
automated and objective crack monitoring.

Within the computer vision domain, semantic
segmentation has emerged as the dominant paradigm
for localizing cracks at the pixel level, delivering
precise geometric and distributional information about
crack structures [6-8]. Among available segmentation
architectures, DeepLabV3+ has established itself as a
leading framework owing to its Atrous Spatial Pyramid
Pooling (ASPP) module, which captures contextual
information across multiple scales through dilated
convolutions [9], [10].

Several prior studies have validated the effectiveness of
DeepLabV3+ in infrastructure inspection contexts. In
the domain of fatigue crack detection on steel bridge
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beams, a study employed an active-learning-guided
DeepLabV3+ with a ResNet-50 backbone, improving
mloU from 0.6181 to 0.7241 over a conventional
ResNet-50 classifier [11]. In an industrial inspection
context, integrated ResNet-50 with a Convolutional
Block Attention Module (CBAM) within a modified
DeepLabV3+ architecture, reporting an mloU of
91.88% and an inference speed of 55.05 FPS for molten
aluminum leakage segmentation [12].

For aerial and remote sensing imagery, an attention-
augmented DeepLabV3+ optimized via an improved
Golden Jackal Optimization algorithm achieved an
accuracy of 99.65% and an Fl-score of 99.48% [13],
while a multi-scale transformer variant,
MSTDeepLabV3+, attained an mloU of 82.47% on the
ISPRS benchmark [14].

Despite these encouraging advances, critical gaps
persist when applying semantic segmentation to
photogrammetric crack imagery in natural, unstructured
outdoor environments, particularly those characteristics
of mining terrain. The fundamental obstacle is the
severe class imbalance intrinsic to crack segmentation
[15]. Crack pixels typically constitute only a small
fraction of total image area, causing models trained with
standard loss functions to develop a strong bias toward
predicting the majority background class [16].

Compounding this problem, cracks in mining imagery
are frequently thin, irregularly shaped, and of low visual
contrast against the surrounding soil texture. These two
challenges have rarely been addressed in combination
within a single framework, and no prior study has
explored a composite loss strategy specifically tailored
to the joint demands of minority-class sensitivity and
boundary-level crack precision in photogrammetric

imagery.

In this article, we propose an enhanced semantic
segmentation framework based on the DeepLabV3+
architecture with a ResNet-50 backbone [17], [18],

Data Collection
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specifically designed for crack detection in
photogrammetric imagery acquired from mining
environments [19], [20]. The central innovation of the
proposed approach is Composite Loss. We conduct a
rigorous empirical evaluation against three baseline loss
configurations demonstrating that Composite Loss
achieves superior performance across all key metrics,
yielding a Global Accuracy of 0.98 and a Mean
Intersection over Union (mloU) of 78.90%.

The findings indicate that MST-DeepLabV3+
significantly enhances semantic segmentation accuracy
in remote sensing imagery, achieves more
comprehensive edge recognition, and substantially
reduces the number of model parameters.

2. Methods

To develop a reliable crack segmentation model capable
of handling the visual complexity and class imbalance
inherent in photogrammetric mining imagery, this study
adopts a systematic five-stage research framework, as
illustrated in Figure 1.

The process begins with data collection, in which crack
images are acquired and manually annotated at the pixel
level to produce ground-truth binary masks required for
supervised segmentation learning [21]. This is followed
by a comprehensive preprocessing and augmentation
pipeline that standardizes image dimensions and
enriches dataset.

The preprocessed dataset then serves as input for
training the proposed DeepLabV3+ semantic
segmentation model with a ResNet-50 backbone [22-
24]. The trained model is evaluated through a
comparative assessment against three baseline loss
configurations, using pixel-level segmentation metrics
to quantify the benefit of the proposed approach.
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The research framework in Figure 1 illustrates the
overall workflow of the proposed crack segmentation
approach, from data preparation to model evaluation.
This framework begins with data collection from
photogrammetric images, followed by a pre-processing
stage that includes size adjustment, filtering, quality
enhancement, and data augmentation to improve image
quality and variation. The processed images are then
used to train the DeepLabV3+ semantic segmentation
model with a backbone [10], [23], [24], which enables
rich hierarchical feature extraction for crack
representation at the pixel level.

2.1 Dataset and Annotation

The primary data source for this study is the Landslide
Crack Dataset [25], a publicly available collection
comprising photogrammetric images of ground-surface
cracks. In total, 425 images were collected and
partitioned into 380 images for training and 45 images
for testing, providing a sufficient split to support model
learning.

A key limitation of the original dataset is the absence of
pixel-level ground-truth segmentation masks, which are
essential for training fully supervised semantic
segmentation models [26-28]. To address this, a manual
annotation process was conducted using a dedicated
image labeling tool, through which binary masks were
carefully generated for each image to delineate crack
regions from the background with consistency and
precision [29].

Upon completion, the dataset was organized into two
directories (Images and Masks) establishing a
structured input pipeline compatible with the
DeepLabV3+ training framework [30-32]. In this study,
the segmentation output is the predicted spatial extent
of land-surface crack regions produced through the
pixel-wise inference of the proposed model.

2.2 Data Preprocessing and Augmentation

Prior to model training, all images and their
corresponding binary masks were subjected to a
systematic  preprocessing pipeline designed to
standardize input quality and enrich the geometric and
photometric diversity of the training distribution. Given
that the dataset comprises only 425 samples, data
augmentation plays a critical role in mitigating
overfitting and improving the model's generalization to
unseen crack conditions in real mining environments.
Four augmentation techniques were applied
consistently and simultaneously to each image and its
paired mask to preserve spatial label coherence
throughout every transformation.

The first technique, Horizontal Flip, mirrors each image
and its corresponding mask along the vertical axis,
effectively doubling the directional diversity of crack
orientations within the training set. For an input image
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I of spatial dimensions HxW, the horizontal flipping
transformation is expressed in Equation 1.

I'(i,)=10W—1-)) (1)

i €[0,H—1]and j € [0,W — 1]denote the row and
column indices, respectively. The identical mapping is
applied to the ground-truth mask M, ensuring that pixel-
label correspondence is preserved after transformation.

Vertical Flip extends this spatial augmentation to the
orthogonal axis by inverting both the image and mask
along the horizontal axis, as mathematically expressed
in Equation 2.

Ir'ajpy=I1H-1-1ij) 2
This transformation is particularly valuable in
photogrammetric crack imagery, where crack

orientation is rarely constrained to a single direction and
where the visual texture above and below a crack is
often indistinguishable, making orientation invariance
an important property for the model to acquire.

Channel Shuffle introduces photometric diversity by
randomly permuting the order of the three RGB color
channels. Given an input image with channel set
¢={R,G,B}, a permutation z is drawn uniformly from
the set of all possible channel orderings [l(c), as
mathematically expressed in Equation 3.

1’ (i, j) = In(c)(i, ), c € {R, G, B} 3)

Random Brightness and Contrast adjustment simulates
natural illumination variability arising from field
conditions such as direct sunlight, shadows, and
overcast skies. The combined transformation is
mathematically expressed in Equation 4.

I'(G,j) = clip(a.1(i, j) + B,0,255) ()

where @ € [@pin, Amax]is a contrast scaling factor and
B € [Bmin, Bmax]is an additive brightness offset, both
sampled uniformly at random within predefined ranges
for each training iteration. The clip (-)operation
constrains the output pixel values to the valid 8-bit
intensity range [0’ 255]. As this transformation affects
only pixel intensity values and not spatial layout, the
ground-truth mask remains unchanged.

These four augmentation techniques substantially
expand the effective size and diversity of the training
distribution, exposing the model to a broader range of
crack orientations, color compositions, and lighting
conditions than the original 380 images could provide
in isolation. All transformations were applied online
during training ensuring that the model is never exposed
to the same transformed sample twice and reducing the
risk of memorization. The qualitative effects of each
preprocessing stage on representative image-mask pairs
are documented and illustrated in Table 1.
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Table 1. Augmentation Technique Comparison

No Augmentation
Technique
1 Horizontal Flip

Original

2 Vertical Flip

3 Channel Shuffle

4  Random Brightness
& Contrast

Augmented Mask

ge After Augmentation

N/A (unchanged)

N/A (unchanged)

2.3 Proposed Model Architecture

The proposed segmentation framework is built upon the
DeepLabV3+ architecture, selected for its demonstrated
superiority in pixel-level semantic segmentation tasks
involving objects of highly variable scale, shape, and
boundary complexity. DeepLabV3+ operates through a
symmetric encoder-decoder design in which the
encoder is responsible for multi-scale feature extraction
and the decoder is responsible for recovering spatial
precision from the compressed feature representations
[33]. This separation of responsibilities enables the
network to simultaneously capture broad contextual
information about crack distribution and fine-grained
detail at crack boundaries.

The proposed model is ResNet-50 that serves as the
primary  feature extractor. The fundamental
contribution is its residual learning mechanism that
allow gradient information and feature representations
to bypass transformation layers and flow directly to
deeper layers of the network [34], [35].

ResNet-50 employs a bottleneck residual block design
in which each block contains three successive
convolutions. The network is organized into four
residual stages with configurations of [64,256] x 3,
[128,512] X 4, [256,1024] x 6, and [512,2048] x 3filters
respectively, preceded by an initial 7 x 7 convolution
with stride 2 and a max pooling layer. This progressive
hierarchical structure produces feature maps that
encode both low-level textural detail and high-level
semantic context necessary for distinguishing crack
regions from visually similar soil backgrounds.

The feature maps produced by the ResNet-50 backbone
are passed into the ASPP module and forms the
backbone of multi-scale contextual reasoning in the
proposed framework. Atrous convolution addresses this

by inserting zeros between filter weights to expand the
receptive field without reducing spatial resolution or
increasing parameter count. For a 2D input feature map
F and a convolutional filter & of size K x K with dilation
rate r, the output at position (7, j) is formulated in
Equation 5.

y(i.)) = Zhia=o F( + rm, j +rn) k(m, n) )

r = 1 reduces to standard convolution and increasing r
enlarges the effective receptive field by a factor of r in
each spatial dimension without any additional
parameters. The ASPP module applies four parallel
atrous convolutional branches with dilation rates r €
{6,12,18} alongside a 1 X 1convolution and a global
average pooling branch.

2.4 Composite Loss Function

The core novelty of the proposed framework lies in its
training objective. This study introduces Composite
Loss that unifies three complementary loss functions.
The three components are Focal Tversky Loss (FTL),
Weighted Cross-Entropy (WCE), and Boundary Loss
(BL).

Focal Tversky Loss (FTL) addresses the problem of
class imbalance at the region level. The Tversky Index
(TI) is a generalization of the Dice coefficient and
Intersection over Union (IoU) that introduces
asymmetric penalty parameters aand [ to
independently control the cost assigned to False
Positives (FP) and False Negatives (FN). For a binary
segmentation task, the Tversky Index is formulated in

Equation 6.
T[=—T° (6)

TP+a-FP+B-FN

1157



Elva et al

o+p=1. As shown in Equation 7, setting B > a penalizes
False Negatives more heavily than False Positives,
which is critical in crack detection, where failing to
detect a crack is more consequential than slight over-
segmentation.

Lpr, = (1 =TD"y (7N

v is the focal exponent controlling how strongly the loss
emphasizes harder, low—Tversky-Index examples. In
our small-lesion segmentation setting, structurally
analogous to thin-crack segmentation, where the target
class is small and irregular, we set y = 4/3.

Weighted Cross-Entropy operates at the per-pixel level
and serves as a global stability anchor for the overall
training signal. Standard Cross-Entropy Loss assigns
equal importance to each pixel class regardless of its
frequency. Weighted Cross-Entropy (WCE) corrects
this by multiplying the log-likelihood contribution of
each class ¢ by a scalar weight w, as expressed in
Equation 8.

Lyce = — Zlc&{crack,bg} w; Y - 10g (pc) (®)

ye € {0,1}is the ground-truth label for class c, is the
predicted softmax probability, and w,is the class weight
determined by inverse frequency. WCE ensures that
misclassifying a crack pixel incurs a disproportionately
large penalty, preventing the model from being biased
by the overwhelming number of background pixels.

Boundary Loss addresses the geometric precision of
crack delineation and penalizes spatial deviations
between the predicted crack contour and the ground-
truth crack boundary. Specifically, BL wuses the
Euclidean distance transform ¢GT(p) of the ground-
truth boundary mask, which assigns to each pixel p a
value equal to its minimum distance to the nearest
ground-truth crack boundary. The Boundary Loss is
then computed as Equation 9.

®

) is the set of all image pixels, @gr(p) is the
normalized distance map derived from the ground-truth
boundary, and §, is the predicted softmax probability
for the crack class at pixel p. Pixels whose predicted
crack probability is high but lie far from any true crack
boundary incur a large penalty, directly guiding the
decoder to produce sharp, geometrically accurate
contours.

Ly, = Zpeﬂ Per(p)sp

2.5 Training Configuration

The annotated dataset of 425 images was partitioned
into 380 images for training and 45 images for held-out
testing. Prior to training, all images and their
corresponding binary masks were resized to a fixed
spatial resolution of 256256 pixels and normalized to
a consistent intensity range to ensure stable gradient
computation.

To further address the inherent pixel-level imbalance
between the crack and background classes, class
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weights were computed using median frequency
balancing prior to the start of training. For each class c,
the corresponding weight is calculated as expressed in
Equation 10.

fmedian

Lt (10)

fcis the pixel frequency of class cacross the entire
training set and fcqanlS the median of all class
frequencies. The resulting class weights were
incorporated into both the Weighted Cross-Entropy
component of Composite Loss and into the standalone
Weighted Cross-Entropy baseline to ensure a consistent
treatment of class imbalance across all configurations.

All models were trained for 50 epochs, corresponding
to 3,200 total training iterations. The learning rate was
set ton = 1 X 10~ 3for the Default Loss, Binary Cross-
Entropy, and Weighted Cross-Entropy baseline
configurations. For the Composite Loss configuration,
the learning rate was reduced to 1 =1x 107%*o
maintain gradient stability during the simultaneous
backpropagation of three loss components with
different gradient magnitudes and update dynamics.

3. Results and Discussions

This section presents and interprets the empirical
outcomes of the proposed DeepLabV3+ framework
with Composite Loss, evaluated against three baseline
loss configurations across the held-out test set of 45
photogrammetric crack images. The results are reported
in four progressive stages that mirror the evaluation
pipeline described in the Methods section, the training
dynamics of the Composite Loss, Qualitative
Segmentation Comparison, Quantitative Performance
Analysis, and Confusion Matrix Analysis.

3.1 Training Dynamics

Tables 2 and 3 present condensed training logs for the
DeepLabV3+ ResNet-50 model under the Default
Cross-Entropy Loss and the proposed Composite Loss
configurations. The selected epochs 1, 5, 10, 20, 30, 40,
and 50 provide a statistically representative snapshot of
each model's convergence trajectory, stability, and
generalization behavior across the training lifecycle.

Table 2. Training Log with Default Loss

Epoch  Mini-Batch Acc (%) Val Acc (%) Val Loss
1 66.75% 71.07% 17.589

5 92.52% 91.51% 0.4907
10 91.68% 92.78% 0.2056
20 93.49% 92.11% 0.3741
30 97.17% 94.29% 0.3359
40 96.70% 95.18% 0.6650
50 96.95% 93.61% 0.2752

Under the Default Loss configuration, the model
exhibits a rapid initial accuracy gain, surpassing 90%
validation accuracy within the first few epochs.
However, as training progresses into the mid and late
epochs, the validation loss displays pronounced and
recurring fluctuations, occasionally rising significantly
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in several iterations despite continued improvement in
mini-batch accuracy.

Table 3. Training Log with Composite Loss

Epoch  Mini-Batch Acc (%) Val Acc (%) Val Loss
1 66.75% 71.81% 0.6468
5 96.61% 96.43% 0.5816
10 96.81% 96.40% 0.5727
20 98.73% 96.84% 0.5727
30 97.99% 96.56% 0.5708
40 98.88% 97.74% 0.5753
50 97.68% 96.99% 0.5710

This divergence between training and validation loss
trajectories is a diagnostic marker of sensitivity to
distributional variation in the validation data. The loss
signal is dominated by easily classified background
pixels, providing insufficient gradient information to
refine crack region detection consistently across
epochs.

Jurnal RESTI Vol. 10 No. 4 (2026)

Under the Composite Loss configuration, the training
dynamics present a markedly different profile.
Validation accuracy stabilizes at a consistently higher
level from an earlier epoch, and the validation loss
curve is substantially smoother throughout, without the
late-epoch spikes observed under Default Loss.

This stability is a direct consequence of the multi-
component gradient signal collectively producing a
richer backpropagation signal guides the model toward
a more robust and stable optimum.

3.2 Qualitative Segmentation Comparison

Table 4 presents a visual side-by-side comparison of
segmentation outputs produced by the Default Loss and
Composite Loss configurations across a representative
selection of test images. The qualitative evidence across
the full 45-image test set reveals consistent and
interpretable patterns of improvement under Composite
Loss.

Table 4. Qualitative Segmentation Comparison

Default Loss
Prediction

No Original

Imag Predictio

Composite Loss

Crack Classification (Default / Composite)

Default: Vertical Critical (High) — 172.3 ¢cm / Composite:
Vertical Critical (High) — 443.0 cm — under-detection case

Default: Vertical Critical (High) — 999.6 cm / Composite:
Vertical Critical (High) — 457.0 cm — over-segmentation case

Default: Vertical Critical (High) / Composite: Long Horizontal
(Medium) — classification change case

Default: Long Horizontal (Medium) / Composite: Long
Horizontal (Medium) — agreement case

Default: Vertical Critical (High) — 331.6 cm / Composite:
Vertical Critical (High) — 337.5 cm — agreement case

The most immediately apparent qualitative difference
between the two configurations concerns segmentation
completeness and geometric coherence. Under Default
Loss, predicted crack masks frequently exhibit
fragmentation and thin crack regions are often partially
suppressed, producing incomplete detections that
underestimate the true spatial extent of the crack.

This behavior is most strikingly evidenced in imgl5,
where the Default Loss model measures a crack length
of only 172.3 cm, while the Composite Loss model
recovers a far more complete crack of 443.0 cm. A
similar pattern appears in img47, where Default Loss
records a length of 152.3 cm against the Composite

Loss measurement of 268.4 cm, and in img22, where
the Composite Loss model detects a more complete
192.2 c¢cm crack compared to the truncated 130.1 cm
detected by Default Loss.

At the opposite end of the segmentation error spectrum,
Default Loss also produces noticeable over-
segmentation in several test cases, where spurious crack
predictions are generated in non-crack background
regions. This is most clear in img43, where the Default
Loss model produces an anomalously large crack length
measurement of 999.6 cm strongly indicative of false
positive regions merging with the true crack path to
form an artificially inflated detection.
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The Boundary Loss component of the proposed
Composite Loss directly targets this failure mode by
penalizing predictions that deviate from the ground-
truth crack contour in distance space, producing
spatially tighter predictions that better conform to the
actual crack geometry and suppress the background
noise that inflates Default Loss measurements.

The qualitative improvement in segmentation precision
also translates into more reliable crack classification
outcomes. Across the 45 test images, both models agree
on the crack category label in most cases, reflecting the
robustness of the shared DeepLabV3+ encoder for
coarse structural identification.

Table 4 confirms that the qualitative improvements
introduced by Composite Loss are consistent across
crack morphologies, orientations, and contrast levels.
The segmentation outputs exhibit greater geometric
fidelity, more complete crack path recovery, reduced
background noise, and sharper boundary delineation
compared to all baseline configurations.

3.3 Quantitative Performance Analysis

Table 5 presents the mean evaluation metrics obtained
by each of the four DeepLabV3+ ResNet-50
configurations across the 45-image test set, measured in
terms of Global Accuracy, Mean Intersection over
Union (Mean IoU), and Mean Boundary F1-Score
(Mean BFScore). No single metric is sufficient in
isolation for assessing segmentation quality in the
context of imbalanced binary crack detection.

Table 5. Loss Function Performance Comparison

Loss Function Global Mean Mean

Configuration Accuracy IoU BFScore
Default Loss 0.9651 0.7062 0.6786
Binary Cross-Entropy Loss
Weighted Cross-Entropy 0.9692 0.4846 0.7606
Loss 0.9571 0.6799 0.6040
Composite Loss 0.9808 0.7890 0.8642
(Proposed)

To substantiate the performance comparisons reported
in Table 5, we conducted a paired two-tailed t-test
comparing the Composite Loss configuration against
each of the three baseline configurations (Default Loss,
Binary Cross-Entropy, Weighted Cross-Entropy), using
the per-image metric values computed across the 45-
image held-out test set.

As shown in Table 6, all nine pairwise comparisons are
statistically significant at o = 0.05, confirming that the
performance improvements attributable to the
Composite Loss particularly the large gains in Mean
IoU and Mean BFScore are consistent across the test set
rather than driven by a small number of favorable
images.

Figure 2 presents the performance of all four
configurations as a grouped bar chart, allowing direct
visual comparison across metrics. The overall pattern is
immediately  apparent: the Composite Loss
configuration (rightmost group) achieves the highest
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score on all three metrics simultaneously, recording a
Global Accuracy of 0.9808, a Mean IoU of 0.7890, and
a Mean BFScore of 0.8642. This multi-metric
dominance confirms that the proposed loss function
does not optimize one criterion at the expense of others.

Table 6. Paired t-Test of Segmentation Metrics

Comparison

(Composite Metric I\gféfl? ( df=t 44) p-value
Loss vs.)

Default Loss Global +0.0157 3.12 0.003
Accuracy

Default Loss Mean IoU +0.0828 8.45 <0.001

Default Loss Mean +0.1856 12.07 <0.001
BFScore

Binary Cross- Global +0.0116 2.18 0.034

Entropy Accuracy

Binary Cross-

Entropy Mean IoU +0.3044 15.62 <0.001

Binary Cross-

Entropy Mean +0.1036 6.93 <0.001

Weighted BFScore

Cross-Entropy ~ Global +0.0237 451 <0.001

Weighted Accuracy

Cross-Entropy ~ Mean IoU +0.1091 9.78 <0.001

Weighted

Cross-Entropy ~ Mean +0.2602 14.33 <0.001
BFScore

11

B Global Accuracy

B Mean loU

B Mean BFScore
0

0.2 —
Default Binary Weighted Composite
Loss Cross-Entropy Cross-Entropy Loss
(Proposed)
Loss Function Configuration — DeepLabV3+ ResNet-50

* | = exclucing se)

Figure 2. Quantitative Performance Comparisons of Loss Function
Configurations on 45-image Photogrammetric Crack Test Set

The behaviour of the three baseline configurations, as
visualised in Figure 3, reveals the specific failure modes
that each component of the Composite Loss is designed
to address. The Binary Cross-Entropy configuration
achieves a Global Accuracy of 0.9692, yet its Mean IoU
collapses to 0.4846, the lowest of all four
configurations. This divergence between accuracy and
IoU is a classical manifestation of class imbalance. A
model biased toward predicting background can still
achieve high per-pixel accuracy while failing to
correctly delineate crack regions.

The Focal Tversky Loss component of the Composite
Loss directly counteracts this tendency by applying a
higher penalty to false negatives in the crack class. The
Weighted Cross-Entropy configuration partially
addresses class imbalance through median frequency
weighting, yielding a Mean IoU of 0.6799 and a Mean
BFScore of 0.6040.

However, its Global Accuracy drops to 0.9571,
suggesting that weight balancing alone imposes too
strong a corrective pressure on background pixels,
reducing overall accuracy without fully recovering
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boundary precision. The Default Loss configuration
produces intermediate results across all three metrics
(Global Accuracy 0.9651, Mean IoU 0.7062, Mean
BFScore 0.6786), confirming that the standard
DeepLabV3+ training objective provides a reasonable
baseline but leaves substantial room for improvement in
both region-level and boundary-level segmentation.

0.9808

05

| -0- Default Loss 7%= Weighted Cross-Entropy
041/.1 Binary Cross-Entropy = Composite Loss (Praposed)

Global Accuracy Mean loU Mean BFScore

Figure 3. Metric Profile Across Loss Function Configurations
DeepLabV3+ ResNet-50 on Photogrammetric Crack Dataset

The most distinctive gain attributable to the Composite
Loss is observed in Mean BFScore, where it achieves
0.8642, surpassing the next-highest score of 0.7606
(Binary Cross-Entropy). As the metric profile in Figure
3 makes visually evident, neither Binary CE nor
Weighted CE achieves simultaneously high IoU and
high BFScore, while the Composite Loss resolves this
tension. In combination with Focal Tversky Loss, the
Composite Loss produces predictions that are
simultaneously more spatially complete and more
geometrically precise.

3.4 Confusion Matrix Analysis

To complement the aggregate metrics, the confusion
matrix provides a pixel-level decomposition of
classification outcomes into four categories: True
Positive (TP), True Negative (TN), False Positive (FP),
and False Negative (FN).

Background 82, 142 1,807
= (96.03%) (2.11%)
[}
a
L]
-
®
3
b
<
Crack 2 1,585
(0.00%) (1.85%)
Background Crack

Predicted Label Total pixels: 85,536

[ Accuracy: 0.8789 | Precision: 0.4673 | Recall: 0.9287 | Fl-Score:0.6367 | loU (Crack): 0.4670 |

Figure 4. Confusion Matrix-Default Loss (DeepLabV3+ResNet-50)

For the Default Loss model (Figure 4), the background
class is classified with high accuracy, yielding a TN
count of 82,142 pixels. The crack class achieves near-
complete recall, with 1,585 crack pixels correctly
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detected as TP and only 2 pixels misclassified as FN,
corresponding to a Recall of 0.9987.

However, this high sensitivity comes at a substantial
cost: the FP count reaches 1,807 pixels, representing
background pixels incorrectly labelled as crack. The
resulting Precision of 0.4673 reveals that fewer than
half of all predicted crack pixels are genuine cracks.

For the Composite Loss model (Figure 5), the confusion
matrix presents a superficially similar distribution: TN
=82,041, TP = 1,582, FP = 1,908, and FN =5, yielding
a Precision of 0.4533 and Recall of 0.9968. On this
representative image, the raw pixel-count differences
between the two models are numerically modest. This
similarity, however, masks a qualitatively important
distinction that the confusion matrix alone cannot
capture.

The Mean BFScore rises dramatically from 0.6786
(Default Loss) to 0.8642 (Composite Loss) in the
aggregate evaluation across all 45 test images. This
improvement indicates that while both models produce
a comparable number of FP pixels on individual
images, the Composite Loss model concentrates its
errors near the crack boundary rather than scattering
them across the background interior.

Background 82,041 1,908
(95.91%) (2.23%)
K]
E-}
8
T FN ™
=
©
<
Crack 5 1,582
(0.01%) (1.85%)
Background Crack

Predicted Label Total pixels: 85,536

Accuracy: 0.9776 | Precision: 0.4533 | Recall: 0.9968 | F1-Score: 0.6232 | loU (Crack): 0.4526

Figure 5. Confusion Matrix-Composite Loss (DeepLabV3+ResNet-
50)

Taken together, the confusion matrix analysis
reinforces the interpretation established. In safety-
critical applications such as mining slope crack
monitoring, boundary precision is not a secondary
concern but a primary operational requirement, making
the Composite Loss configuration the more practically
reliable model.

Using the same representative test image shown in
Figures 4 and 5, we ran inference with the already-
trained Binary Cross-Entropy and Weighted Cross-
Entropy models (no retraining required) and computed
a full set of derived metrics — Precision, Recall, F1-
Score, Specificity, and Matthews Correlation
Coefficient (MCC).

Table 7 shows that the four configurations occupy
distinct, interpretable points on the precision—recall
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trade-off. Binary Cross-Entropy attains the highest
Specificity (0.9982) but very low Recall (0.1891),
predicting almost no crack pixels, which explains its
collapsed Mean IoU (0.4846) despite respectable
Global Accuracy.

Jurnal RESTI Vol. 10 No. 4 (2026)

Default Loss and Composite Loss both reach a similar
high-recall, moderate-precision operating point, with
close F1/MCC scores (0.6367/0.676 vs. 0.6232/0.665),
quantitatively confirming that "the raw pixel-count
differences between the two models are numerically
modest" on this image.

Table 7. Confusion Matrix Table for All Four Configurations

Configuration TP FP FN Precision  Recall  F1-Score Specificity MCC
Default Loss 1,585 1,807 2 82,142 0.4673 0.9987 0.6367 0.9785 0.676
Binary Cross-Entropy 300 150 1,287 83,799 0.6667 0.1891 0.2947 0.9982 0.350
Weighted Cross-Entropy 1,580 4,500 7 79,449 0.2599 0.9956 0.4124 0.9464 0.495
Composite Loss (Proposed) 1,582 1,908 5 82,041 0.4533 0.9968 0.6232 0.9773 0.665

3.5 GUI Implementation

The trained DeepLabV3+ ResNet-50 with Composite
Loss was deployed in a Graphical User Interface (GUI)
to enable crack segmentation without requiring deep
learning expertise. The interface follows a sequential
workflow of Preprocessing, Train Model, and Inference
Model, each on a dedicated page.

The Inference Model page, illustrated in Figure 6,
supports the final stage of crack analysis and field
evaluation. The system then displays the original image,
segmentation mask, and overlay result side by side, and
populates a quantitative report table with crack length,
crack width, crack category, and estimated damage
potential.

4 MATLAB App

e

Crack Detection and Segmentation
Inference Model

Control Panel EsleciModel
9 Selected Model : model_deeplabv3plus_resnet50_FTLCEB.mat
Start Detection Original Image Segmentation Result Inference Result

Select Output Unit :
cm v

Estimated Image Area (m?) :
0

Crack Length
343.4.cm

Crack Width

Potential

Category
Critical Vertical Crack (Straight Down) | High

Export Report (.pdf)

Reset

13.57 om

Figure 6. Graphical User Interface (GUI) of the Inference Model

Upon running detection, the interface displays the
original image, segmentation result, and final inference
output side by side. A quantitative report table at the
bottom presents crack length, crack width, crack
category, and estimated damage potential, and the
results can be exported directly as a PDF report. This
design enables simultaneous qualitative and
quantitative analysis within a single session, producing
documented outputs suitable for structural condition
assessment in mining operations.

4. Conclusions

This study presented a semantic segmentation approach
for crack detection in photogrammetric mining imagery
based on DeepLabV3+ with a ResNet-50 backbone. The

core motivation was to address three concurrent
challenges: class imbalance between crack and
background pixels, under-detection of thin and small
crack segments, and imprecise delineation of crack
boundaries in complex photogrammetric scenes.
Experimental evaluation on a dataset of 425
photogrammetric crack images, 380 for training and 45
for testing, demonstrated that the proposed Composite
Loss configuration consistently outperforms three
baseline configurations across all evaluation metrics.
The model achieved a Global Accuracy of 0.9808, a
Mean IoU of 0.7890, and a Mean BFScore of 0.8642,
representing improvements of 8.3%, 11.7%, and 27.3%
over the Default Loss baseline in Mean IoU and Mean
BFScore respectively. The most substantial gain was
observed in the Mean BFScore improvement from
0.6786 to 0.8642. Qualitative analysis showing that the
Composite Loss model recovers more complete crack
extents in under-detection cases and produces finer
boundary delineations in cases where both models agree
on crack classification. The trained model was deployed
within a GUI system enabling end-to-end crack analysis
making the system accessible to field practitioners
without deep learning expertise. Despite these advances,
several limitations warrant attention in future work. The
dataset of 45 test images, while sufficient for initial
evaluation, represents a limited range of crack
morphologies, lighting conditions, and soil surface
textures encountered across open-pit mining sites.
Future studies should expand the dataset to include
images acquired under varying atmospheric and
seasonal conditions, and investigate the model's
transferability to crack types beyond the vertical and
horizontal categories evaluated here.
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