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COMPARATIVE EVALUATION OF SEMANTIC SEGMENTATION MODELS FOR 
CRACK DETECTION 

 
Abstract: Cracks on concrete and asphalt surfaces are an early warning that a dam, a 

bridge, or a road is starting to fail, and missing them can be expensive. Inspection is increasingly 
done with drones, which produce far more images than an engineer can check by hand, so the 
analysis has to be automated. In this paper we compare five semantic segmentation networks for 
crack detection and, unlike most such comparisons, we push all of them through exactly the same 
pipeline. Four are convolutional (U-Net, UNet++, DeepLabV3+, and a Feature Pyramid Network) 
and one is a transformer (SegFormer-B2). Every model sees the same data, the same 320 x 320 
inputs, the same augmentation, the same Binary Cross-Entropy plus Dice loss, and the same 0.5 
threshold, and all are trained with mixed precision on the public Crack500 benchmark and its 
official train, validation, and test split. We repeat each training five times with different seeds, 
report the mean and standard deviation on the test set, and check the gap between the two best 
models with a paired significance test. To see whether the ranking survives outside Crack500, we 
then run the trained networks, untouched, on a second dataset (DeepCrack). SegFormer-B2 was 
the most accurate model on Crack500 (IoU 0.595, F1 0.746), and the t-test shows its margin over 
UNet++ is well beyond chance. It stayed first on DeepCrack too (IoU 0.704, F1 0.826). We also 
report parameters, FLOPs, inference time, and memory, so the accuracy can be weighed against 
the cost of running each model. 

Keywords: crack detection; semantic segmentation; deep learning; structural health 
monitoring; transformer models; SegFormer; convolutional neural networks; Crack500; cross-
dataset validation; benchmark 

Introduction 
A crack on the surface of a dam, a bridge, or a road is often the first thing an inspector can 

actually see when a structure begins to fail. Small cracks grow, and one missed today can become 
a structural problem later, which is why early detection matters for both safety and cost [1-2]. The 
usual approach, sending an engineer to look, is slow and subjective, and some surfaces are simply 
hard to reach. Drones have changed the first half of the problem: they photograph large surfaces 
quickly and safely [3-4]. The second half, working through thousands of images, still has to be 
solved automatically. 
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For that, deep learning is now the default. Convolutional neural networks (CNNs) learn 
features straight from pixels and have been used for defect detection for years [5-8]. U-Net, with 
its skip connections, made pixel-level segmentation practical [9], and UNet++ improved on it by 
adding nested, dense connections between the encoder and decoder [10]. DeepLabV3+ and Feature 
Pyramid Networks push the multi-scale side further [11-14]. Transformers arrived more recently: 
instead of local filters, SegFormer uses self-attention to relate distant parts of an image, and it does 
so efficiently [15]. 

Knowing which of these is actually best is harder than it sounds. Papers report their 
numbers on different datasets, at different resolutions, and with different augmentation, splits, 
metrics, and thresholds, so the numbers do not line up. The task is also unforgiving: cracks are thin 
and broken, they blend into the surrounding texture, and they cover only a sliver of the pixels, 
which leaves the training data badly imbalanced [5, 6, 16]. 

We do not introduce a new network or a new loss. What we try to do is compare the existing 
ones properly. All five models are trained and tested on identical data, and the operations, loss, 
and metrics are written out as equations so the setup is unambiguous. Three things separate this 
from the usual comparison paper. First, we train each model five times and run a paired 
significance test, so a 0.01 gap is not reported as if it were meaningful. Second, we take the trained 
models to a different dataset and measure how they do there, which shows whether a ranking 
generalises or is just tuned to one benchmark. Third, we record the computational cost of each 
model next to its accuracy. With all three in place, the transformer SegFormer-B2 comes out on 
top, significantly ahead of the CNNs on Crack500, and still ahead on the second dataset. 

Literature review and problem statement 
Monitoring of large structures has become its own research area, mostly because failures 

are expensive. The literature keeps pointing to early defect detection, and cracks in particular, as 
the key [1-2]. Drones help with data collection, capturing detailed images from a distance [3-4], 
and in doing so they move the difficulty downstream, to interpreting all that imagery reliably. 

CNNs dominate that interpretation step because they learn features directly from the 
images [5-6]. U-Net's skip connections became the standard recipe for pixel-level segmentation 
[9], and UNet++ tightened the fusion across scales with nested connections [10]. Crack-specific 
work followed: Xia et al. added attention to DeepLabV3+ for pavement cracks [11], Zhou et al. 
built a multi-scale detector for bridge cracks [12], and transformer and hybrid models such as 
SegFormer [15] and convolution-transformer combinations [17] have appeared. 

Crack500 [18] is a good example of why comparing across papers does not work. The 
dataset has 500 pavement photos of about 2000 x 1500 pixels, each cut into sixteen tiles for roughly 
3,368 labelled crops, and different studies then feed these same crops in at 256 x 256, 448 x 448, 
or 360 x 640, with their own splits. Table 1 lists a few representative studies; the dataset, input 
size, split, metric, and threshold change from row to row, so the reported scores cannot be read 
side by side. 

 
Table 1. Heterogeneity of experimental setups across representative  

crack-segmentation studies (as reported in the cited works) 

Study Dataset / domain Input size Train / val / test 
split Metrics; threshold 

[9] 
Ronneberger ISBI EM; biomedical 512 x 512 single split, heavy 

augmentation IoU, warping error; 0.5 

[10] Zhou Multiple medical sets dataset-specific dataset-specific IoU, Dice; not standardized 
[18] Yang 
(Crack500) Crack500; pavement ~360 x 640 1896 / 348 / 1124 F1, precision, recall; 0.5 

[11] Xia Own pavement set not standardized own split mIoU; not reported 
[12] Zhou Aerial concrete bridge not standardized own split mAP, precision; detection-based 
[16] Zhou Pipe-gallery cracks not standardized own split IoU, F1; 0.5 
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The newest work, from 2024 onward, moves toward foundation models, mask-
classification transformers, and state-space networks. A cluster of papers builds on the Segment 
Anything Model (SAM): Owor et al. retrained only its mask decoder, using 180 images, for 
prompt-based pavement segmentation [19]; Ge et al. fine-tuned a vision foundation model for 
cracks [20]; and Ye et al. used SAM for instance-level damage detection [21]. Yang bolted a local-
perception module and extra convolutions onto Mask2Former to keep the thin crack shapes that 
global attention loses [22]. Hybrids keep coming, such as Wang et al. and their dual-path network 
[23] and the Hybrid-Segmentor of Goo et al. [24], and Han et al. swapped attention for a visual 
Mamba backbone to save computation [25]. All of this is moving fast, but the papers rarely test 
against strong CNNs in one place. That head-to-head is what we provide, with SegFormer-B2 
standing in for the transformer side against four established CNNs. 

So the gap we address is the absence of a single controlled comparison of CNN and 
transformer segmentation models for cracks, one that reports variability, significance, cross-
dataset behaviour, and cost together rather than one at a time. 

The aim and objectives of the study 
Our aim is a controlled, repeatable comparison of current segmentation networks for crack 

detection, run under one setup, so that the best model can be identified and its ranking checked on 
data it has not seen [1, 2, 5, 6]. 

The objectives are the following: 
1) to define a unified, mathematically specified experimental framework, with a fixed data 

partition, preprocessing, augmentation, loss, and threshold, for training and testing crack-
segmentation models on the public Crack500 benchmark [5, 6, 18]; 

2) to evaluate four convolutional architectures, namely U-Net, UNet++, DeepLabV3+, and a 
Feature Pyramid Network [9-10, 13-14]; 

3) to evaluate the transformer based SegFormer-B2 model on the same task [15]; 
4) to measure performance on an independent test set with Intersection over Union, F1-score, 

precision, and recall, reported as mean and standard deviation over five random seeds with 
a paired significance test [26-27]; 

5) to assess generalization through cross-dataset external validation, by evaluating the trained 
models on a second, unseen dataset (DeepCrack) [28]; 

6) to analyse the computational cost of each model (parameters, floating point operations, 
inference time, memory) and its detection behaviour through precision and recall; and 

7) to give evidence-based guidance for selecting a segmentation architecture in automated 
crack-inspection systems [1, 5]. 
Materials and methods 
This section describes the datasets, the preprocessing, the networks, the equations behind 

them, the training and evaluation, and the cost measurements. The point throughout was to keep 
one protocol and apply it to every model without change [5-6, 26]. Table A1 in the appendix lists 
the full configuration. 

Datasets and class imbalance. 
Most of the experiments use Crack500 [18], a standard benchmark with real, hand-drawn 

pixel masks. It holds 500 pavement images of roughly 2000 x 1500 pixels, split into sixteen tiles 
each, giving about 3,368 crops divided into fixed sets of 1,896 training, 348 validation, and 1,124 
test crops. We kept these official sets and touched the test set only at the end. The crops are around 
360 x 640 pixels and were resized as described below. In every mask, crack pixels are a small 
minority, the class imbalance the Dice term is there to handle. For the external test we use 
DeepCrack [28], an unrelated set of 537 annotated crack images with different surfaces and 
lighting; its 237-image test split, never used in training, is our unseen data. 
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Preprocessing and augmentation. 
Images were resized to 320 x 320 and normalised with the ImageNet mean and standard 

deviation, as expected for ImageNet-pretrained encoders [9-10]. Masks were resized with nearest-
neighbour interpolation and thresholded to 1 for crack and 0 for background. On the training split 
only, we applied random horizontal and vertical flips and random 90-degree rotations. Every 
model got the same pipeline, so none had a data advantage. 

Segmentation architectures. 
Five networks were compared. U-Net is the encoder-decoder baseline with skip 

connections [9]. UNet++ adds nested, dense skips for better multi-scale fusion [10]. DeepLabV3+ 
combines atrous spatial pyramid pooling with an encoder-decoder [13]. FPN builds a feature 
hierarchy and was originally a detection network [14]. SegFormer-B2 uses a hierarchical Mix-
Transformer (MiT-B2) encoder and a small MLP decoder, with self-attention for global context 
[15]. U-Net, UNet++, and FPN ran on a ResNet-34 encoder and DeepLabV3+ on ResNet-50, all 
ImageNet-pretrained, as was SegFormer-B2. We used segmentation-models-pytorch for the CNNs 
and HuggingFace Transformers for SegFormer-B2. Parameter counts are in Table 2 and Table 4. 

Mathematical formulation. 
The CNNs are built on the discrete two-dimensional convolution, which slides a kernel K 

across an input map I and reads off a response at each position (i, j): 
 

    (1) 
 
with b a bias. Stacking these with non-linearities gives the feature hierarchy that U-Net, 

UNet++, DeepLabV3+, and FPN rely on. SegFormer-B2 works differently, through scaled dot-
product self-attention, which ties every position to every other one via queries Q, keys K, and 
values V: 

 
     (2) 

 
with d_k the key dimension. This is what lets the transformer track a long crack from one 

side of the image to the other. Training used a loss that adds a Dice term to Binary Cross-Entropy. 
For N pixels with labels y_i and predictions p_i: 

 
   (3) 

 

      (4) 

 
        (5) 

 
where epsilon keeps the Dice term from dividing by zero. Cross-entropy handles per-pixel 

classification; the Dice term pushes on region overlap and, because it is not swamped by the 
background, it takes the pressure off the imbalance. 

Training strategy. 
All models used the AdamW optimizer [29] with a weight decay of 1 x 10-4. The learning 

rate was 1 x 10-4 for the convolutional models and 5 x 10-5 for SegFormer-B2, which needs a 
gentler rate. Mixed precision cut memory and time. Each run went up to 30 epochs at batch size 
8, with early stopping after 7 epochs of no improvement, and we kept the checkpoint with the best 
validation IoU. For variability we trained every model with five seeds (eight for UNet++), all on 
one NVIDIA RTX 4090. 
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Evaluation and statistical analysis. 
Models were scored on the test set with Intersection over Union, F1-score, precision, and 

recall at a 0.5 threshold. With TP, FP, and FN counted per pixel: 
 

      (6) 
 

     (7) 
 

     (8) 
 

Intersection over Union and F1-score are the informative ones under imbalance, and we 
report them as mean and standard deviation across the five seeds. To check the gap between the 
top two models we compared their per-seed scores with a paired t-test and a Wilcoxon signed-rank 
test at 0.05 [27]. Generalisation was measured by running the trained models on the DeepCrack 
test set, with no further training, and computing the same metrics. 

Computational profiling. 
For each model we recorded parameters, floating point operations at 320 x 320 (via 

ptflops), the mean inference time per image over fifty warm forward passes, and peak GPU 
memory, all on the same machine, so accuracy could be read next to cost. 

Results 
This section covers the Crack500 results, the significance test, the DeepCrack results, the 

cost, and a short error analysis [5, 6, 15]. 
Table 2 has the Crack500 test scores as mean and standard deviation. SegFormer-B2 led 

on every measure, at 0.5951 IoU and 0.7462 F1, with the best precision (0.7222) and small 
standard deviations that point to stable training. The four CNNs sat close together: FPN, U-Net, 
and UNet++ landed between 0.5791 and 0.5808 IoU, and DeepLabV3+ was last at 0.5751. Figure 
1 plots IoU and F1 with the standard deviation as error bars. 

 
Table 2. Crack500 test-set performance (mean ± standard deviation over five seeds; UNet++ 

over eight), ordered by Intersection over Union 

Model Params 
(M) IoU (mean ± std) F1 (mean ± std) Precision Recall 

SegFormer-B2 27.3 0.5951 ± 0.0023 0.7462 ± 0.0018 0.7222 0.7722 
FPN (ResNet34) 23.2 0.5808 ± 0.0035 0.7348 ± 0.0028 0.7094 0.7630 
U-Net (ResNet34) 24.4 0.5791 ± 0.0059 0.7334 ± 0.0048 0.6977 0.7731 
UNet++ (ResNet34) 26.1 0.5791 ± 0.0019 0.7334 ± 0.0015 0.7128 0.7563 
DeepLabV3+ (ResNet50) 26.7 0.5751 ± 0.0050 0.7302 ± 0.0040 0.6927 0.7725 
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Figure 1. Crack500 test-set Intersection over Union and F1-score (mean over seeds; error bars 

show standard deviation). 
 

To confirm the lead was real, we compared the per-seed test IoU of SegFormer-B2 and 
UNet++. The paired t-test came back strongly significant (t = 21.75, p = 2.6 x 10^-5), and the 
Wilcoxon test hit its lowest possible value for five pairs (p = 0.0625). With the standard deviations 
in Table 2 not overlapping, SegFormer-B2 is clearly ahead and not just lucky. Going from three 
seeds to five dropped the t-test p-value by more than two orders of magnitude, so the extra seeds 
sharpened the conclusion rather than muddying it. 

Cross-dataset external validation. 
Table 3 shows the trained models on the DeepCrack test set, with no extra training. The 

Crack500 order held: SegFormer-B2 again first at 0.7035 IoU and 0.8260 F1, then U-Net, and 
DeepLabV3+ last. The scores are higher here than on Crack500 because DeepCrack cracks are 
cleaner and higher in contrast; what matters is not the level but that the order is the same on two 
separate datasets, which suggests the advantage is in the architecture and not fitted to one 
benchmark. SegFormer-B2 also had the best recall on DeepCrack (0.8861), so it caught the most 
true crack pixels on unseen data. 

 
Table 3. Cross-dataset external validation on the unseen DeepCrack test set  

(models trained on Crack500), ordered by Intersection over Union. 
Model IoU F1 Precision Recall 
SegFormer-B2 0.7035 0.8260 0.7735 0.8861 
U-Net (ResNet34) 0.6980 0.8221 0.8017 0.8436 
UNet++ (ResNet34) 0.6646 0.7985 0.7670 0.8327 
FPN (ResNet34) 0.6570 0.7930 0.7541 0.8360 
DeepLabV3+ (ResNet50) 0.6265 0.7704 0.7874 0.7541 

 
Table 4 lists the cost. All five models sit in a narrow 23 to 27 million parameter range, so 

capacity is not what separates them. Speed and memory differ more. U-Net is quickest (about 8 
ms at 24.5 GFLOPs), UNet++ is the heaviest (about 37 ms at 57.7 GFLOPs) and still not the most 
accurate, and SegFormer-B2 gets the best accuracy at a middling cost (about 27 ms at 45.5 
GFLOPs), a reasonable trade when accuracy is what you care about. 
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Table 4. Computational cost of the segmentation models at 320 x 320 input,  
measured on an NVIDIA RTX 4090 GPU. 

Model Params (M) GFLOPs @320 Inference 
(ms/img) 

Peak mem 
(MB) 

SegFormer-B2 27.3 45.5 27.1 503 
UNet++ (ResNet34) 26.1 57.7 37.5 282 
DeepLabV3+ (ResNet50) 26.7 28.8 10.5 535 
U-Net (ResNet34) 24.4 24.5 8.0 427 
FPN (ResNet34) 23.2 21.5 10.9 624 

 
Behavioural error analysis. 
Precision and recall in Table 2 say a lot about behaviour. SegFormer-B2 combined the best 

precision (0.7222) with high recall (0.7722), which is why it topped IoU and F1, and it fits the idea 
that self-attention helps separate cracks from look-alike texture. U-Net matched it on recall 
(0.7731) but had the worst precision (0.6977) and the widest spread across seeds (0.0059), so it 
caught many crack pixels while also raising more false alarms and training less consistently. 
DeepLabV3+ had both the lowest precision (0.6927) and the lowest IoU, which reads as over-
predicting. UNet++ was the steadiest model (0.0019) but had the lowest recall (0.7563), and FPN 
sat in the middle. Figure 2 shows some examples, with the input, the ground truth, and each model 
output; everyone finds the main crack, and the differences are at the edges and along thin branches, 
where SegFormer-B2 masks are cleanest. 

 

 
Figure 2. Qualitative results on Crack500 test crops: input, ground truth, and predictions of each 

model. 
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Discussion 
Under one shared protocol, SegFormer-B2 produced the most accurate segmentation, and 

the margin over the CNNs was significant rather than cosmetic [15]. Self-attention is the likely 
reason: it connects far-apart parts of the image, which suits the long, thin, broken shape of a crack. 
The finding runs a little against expectation, since UNet++ is often quoted as the strongest encoder-
decoder, yet here it did not lead and the four CNNs bunched together. That is a reminder that the 
comparison protocol matters as much as the model. 

The external test backs this up. Run unchanged on DeepCrack, the models kept the 
Crack500 order and SegFormer-B2 was again first. Leading on one benchmark can be luck or 
over-fitting; leading on a second, independent one is harder to dismiss. The higher DeepCrack 
scores just reflect easier, higher-contrast cracks, so it is the consistent order, not the absolute 
number, that carries the point. 

On cost, since the models are close in parameters, the accuracy gaps are about design, not 
size. Speed and memory are where they part ways: U-Net is lean but less accurate, UNet++ is 
expensive for what it returns, and SegFormer-B2 buys the best accuracy at a moderate price. In a 
real inspection system, SegFormer-B2 makes sense when accuracy leads, and a light CNN like U-
Net makes sense when speed or memory is tight. 

There are limits. Both datasets are road and pavement, so while the cross-dataset test shows 
the models transfer between them, we still have not tried application-specific data such as UAV 
shots of dam surfaces, and that is next. We used one fixed 0.5 threshold; tuning it per model would 
move the precision-recall balance. And we compared established networks, not the newest 
foundation-model and mask-classification methods from the review [19-25], which would be the 
natural thing to add. 

Future work, then, is to bring in dam-surface imagery, add the recent SAM-based, 
Mask2Former, and state-space models to the same benchmark, and look at convolution-
transformer hybrids and crack-connectivity constraints for cleaner masks [15, 17, 23, 24]. 

Conclusion 
We compared four CNNs (U-Net, UNet++, DeepLabV3+, FPN) against the transformer 

SegFormer-B2 on crack segmentation, under one protocol written out in equations and with 
attention to statistical and cross-dataset validity. 

On Crack500, SegFormer-B2 was most accurate (IoU 0.595, F1 0.746), and the paired t-
test put its lead over the best CNN well past chance. The same order held on the unseen DeepCrack 
set (IoU 0.704), so the advantage is not tied to one dataset. Costs showed the gaps come from 
architecture, not size, with SegFormer-B2 giving the best accuracy at a moderate price. 

The contribution is the method: one reproducible benchmark that puts CNNs and a 
transformer on equal footing and reports variability, significance, generalisation, and cost together. 
For anyone building automated crack inspection, that turns the choice between SegFormer-B2 
accuracy and a lighter CNN speed into an informed one. 
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