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While DL techniques are mainly applied to segment water
in space/airborne RS imaggs3], [14], [15], they have high
potential in accurately extracting hydrological features such
as water bodies and water levels from close-range imagery
captured by low-cost cameras, such as surveillance and smart-
phone camergd 2]. For example, to predict oods stemming
from river over ow, Lopez-Fuentes et all6] identi ed
rising river water levels by applying three DL techniques
(Fully convolutional network (FCNJ17], DenseNet{18],
and[19]) through water segmentation in surveillance camera
images. Their study showed that the DenseNet model
exhibited superior performance in ood extent detection

Examples of different segmentation models in river water

segmentation. (a) The image of Norway's Glomma river (source link) and from close-range RS images. Pan et[aO] also compared

its segmentation resulted from (b) image thresholding, (c) hybrid different image-based methods for Water-body segmentation
algorithm (k-means C active contour model), and (d) Deep Learning (DL) . . . g

model. in surveillance camera images to create a real-time water

level detection service. The study revealed that employing

a convolutional neural network (CNN) at the core of the
early warning systems, the segmentation of river waterservice signicantly enhanced accuracy, yielding highly
in close-range Remote Sensing (RS) images captured byccurate results (about 9 mm error) compared to reference
low-cost sensors becomes particularly signi cant [3], [4]. measurements. Vitry et 421] employed U-Nef22] to detect
Indeed, close-range RS images captured by low-cost cameragodwater and introduced the Static Observer Flooding
(e.g., smartphone/surveillance cameras) are proven to facilindex (SOFI) to obtain water level uctuations. In a similar
tate the detection of subtle variations in river water propertiesapproach, Akiyama et aJ23] examined the potential of the
and the surrounding terrain [3], [5]6]. This presents, SegNet[24] segmentation to extract river water from the
until yet, a rarely utilized and systematically investigated background of close-range RS images.
opportunity to extract nuanced insights into hydrological vandaele et al[25] employed both the UperNg26] and
parameters or any related process (e.g., water level, watgheepLabv327] networks with a ResNet50 architect(a8]
turbidity, oating debris, etc.) from close-range RS images as a backbone for the river water segmentation process in
(3], [6]. the context of water level detection. Muhadi et E12]

Segmenting the water body from the background insuyccessfully utilized DeepLabv3[29] and SegNet networks

close-range images is a key step in determining riverineo detect water bodies, evaluate water levels, and track
parameters. It forms the basis for further analysis, directly yctuations in surveillance images. Eltner et 411] also
impacting the accuracy of subsequently analyzed parameteigitegrated advanced DL water segmentation models (SegNet
through images. In developing these methods, researchegnd FCN) with photogrammetric techniques to achieve
have introduced a variety of image segmentation a|gOfitthprecise water stage measurements from images taken by a
classifying them into conventional image analysis andRaspberry Pi camera.
advanced Deep Learning (DL) mode[g], [8]. While The aforementioned studies have yielded valuable insights
traditional methods (e.g., thresholding, region-based, angnto identifying water bodies in image backgrounds and
hybrid algorithms) are commonly used for image segmen-heir application in extracting hydrological parameters, such
tation, they encounter limitations when applied to water as water level. However, most of these studies relied on a
bodies like wetlands, lakes and river scenes due to th@mited set of segmentation models, leaving their adaptability
complex nature (e.g., inhomogeneous appearance and col@kross diverse environmental contexts and image datasets
variations), and the re ections of surrounding structures (e.g.,uncertain. Furthermore, their applicability was often con ned
vegetation, rocks, and buildings) and the sky on the watetg specic scenes (e.g., datasets used[i1]), making
surface[9], [10], [11] (see Fig.1 (b) and (c)). This is  the trained CNNs less suitable for broader applications in
mainly because most of these techniques depend on lowdifferent environment§3]. To enhance real-time water level
level/basic image features for object segmentation, whichmonitoring and address these limitations, Eltner e{20]
may not inherently capture complex spatial relationships,introduced UPerNef26] with the ResNeXt-50 backbone
such as those found in river scenes in close-range inf8yes  as a well-generalized CNN model, chosen from a range of
[12]. In contrast, DL models, known for their automatic DL models for water segmentation in various geographical
extraction of high-level semantic features from various datacontexts. Furthermore, Wagner et gB] conducted a
types, have recently offered more robust solutions in thiswidespread study evaluating 32 DL segmentation models
speci ¢ aspec{5], [11], [12]. Furthermore, since DL models by introducing high-quality RIWA.v1[6], [31] for water
are typically trained on diverse datasets, they exhibit superiogetection with online/of ine augmentation.
capabilities in handling sky re ections and structures on the  Wwhile existing studies have identi ed several effective DL
water body, as depicted in Fif.(d). models for river water segmentation, limited datasets often
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constrained their evaluations. A more comprehensive analysis c, cont
across multiple datasets with diverse conditions is essentia / :
to better assess the capabilities and generalizability of eact
model. While the RIWA datasef31] provides valuable
support for this research area, there remains a critical neec %
for additional accurately labeled datasets to further enhance | —
model training and evaluation. / ]
Moreover, DL models such as U-Ng2], DeepLabV3C
[29], Pyramid Scene Parsing Network (PSPN&8], have
been widely employed in river water segmentation and its
applications. For instance, a recent comparative analysis
by [3] revealed that U-Net with a ResNeXt50 backbone The ResNets0 backbone adopted from the PyTorch
had the best performance for river water segmentationmpementation and [38].
among 32 DL models. However, while this study sheds
light on the capabilities of established DL architectures,  cmmm
it also raises questions about the exploration of alternative { S ‘
methodologies and newer model designs. In particular, the -
potential of ef cient model architectures like the Pyramid —
Attention Network (PAN)[33] and LinkNet[34] as well as :

C
C2

recently published DL models, such as Meta Al's ~“Segment m Q_@
Anything Model" (SAM) [35] have not yet been explored and W y :
compared. Incorporating such advanced models could also ﬁ %@
unveil new avenues for research in river water segmentation. 1l . L

In this study, we aim to address these challenges, making
the following contributions:

1. Forthe rsttime, to the best of our knowledge, we ne-
tuned the SAM segmentation model for water/river
water segmentation in close-range RS images. This
ne-tuning aims to enhance the segmentation of water
bodies, particularly for wetlands, lakes, and rivers. The
ne-tuned SAM model's code has also been made A DL SEGMENTATION MODELS
accessible at: (Fine-tune SAM code link). This section briey overviews the unique architectural

2. We extensively surveyed six state-of-the-art DL mod- features of the six baseline DL models considered in the
els (U-Net [22], DeepLabV3C [29], LinkNet [34], context of water body segmentation tasks. For all models
PSPNet[32], PAN [33], and the recently published €xcept the SAM, we employed ResNetfB] (see Fig.2),
SAM [35]), evaluating their strengths and limitations. Pre-trained on the ImageNet datagef], as the backbone
This assessment aims to establish their suitability forarchitecture.
water body segmentation from close-range RS images at
rivers. 1) U-Net

3. We collected close-range images from rivers using var-U-Net, introduced by Ronneberger et[&@2], is widely used

Architecture of U-Net (resnets0). adopted from [39].

ious platforms, such as smartphones, cameras, surveifor object segmentation. Its U-shaped architecture includes
lance cameras, and low-altitude drones, to introduce @n encoder for downsampling and a decoder for upsampling
new dataset named LuFI-RiverSnap.v1. It comprises ovefnd feature fusiofi22]. Skip connections aid in integrating
800 images with precise annotations, along with a fewfeatures from different resolutiori89]. ResNet50 serves as
suitable images from the Kaggle WaterNig8], Elbers-  the encoder in this study, while a custom decoder involves
dorf / Wesenit411], RIWA.v1[31] datasets. To support upsampling and convolutional layers. (see Bg.

and advance the development of river water segmentation

tasks, we have released the recently introduced LuFI2) DeepLabV3C

RiverSnapvl dataset at (Dataset link). DeepLabV3Cis an advanced variant of the DeepLab series,
We performed a thorough experimental analysis offeaturing Atrous Spatial Pyramid Pooling (ASPP) and an
segmentation methods on three considered benchmar&ncoder-decoder structuj29]. ResNet50 is also integrated
datasets and the newly introduced LuFI-RiverSnap.vlinto the encoder pathway in this study. It begins with extract-
datasets. This comprehensive evaluation sets a researéhg high-level features, and comprehensive representation
baseline, providing valuable segmentation model recom+through feature combination. Upsampling with transposed
mendations for river water analysis and suggesting futureconvolutions enhances spatial resolution, enriched by skip
study directions. connections (see Fig),
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Architecture of PAN (resnetso) . adopted from [33].

5) PAN
s an encoder-decoder architecture to enhance global con-
textual information in semantic segmentation [33]. This is
achieved by integrating the Feature Pyramid Attention (FPA)
and Global Attention Upsample (GAU) modules. In the
@ sim — sxsconSoftmax implementation, the ResNet50 was also used to extract dense
Architecture of LinkNet (resnets0), adopted from [34]. features, followed by FPA and GAU for accurate pixel
predictions and localization details (see Fig. 7),

Decoder Block 1
Decoder Block 2
Decoder Block 3

Decoder Block 4
Decoder Block 5

3) LinkNet 6) SAM

LinkNet features a U-shaped architecture, maintaining theSAM stands as an innovative encoder-decoder promptable

crucial encoder-decoder structure for hierarchical featuremode| developed by the Meta Al team for precise image
extraction and seamless upsampling [34]. In the depictedeymentation [35]. Its training involved a massive SA-1B

architecture Fig. 5, ResNet50 is also utilized in the enCOdertcHataset encompassing over 1 billion masks extracted from
extract high-level features through a downsampling strategyq 1 miliion images, raising its generality to segment unseen
Encoder features are directly linked to corresponding OUtp”t%bjects and imagef35], [40]. This prowess extends the
in the decoder via skip connections using the “sum" operator, o qal's applicability beyond the con nes of image seg-

mentation, allowing it to be effectively employed in various
4) PSPNet scenarios, including but not limited to object track{dg].
PSPNet is a model structured on the encoder-decoder As depicted in Fig.8 (a), the SAM comprises three
paradigm, incorporating a distinctive pyramid pooling mod- key component$35]. First, an image encoder denoted by
ule (PPM) for aggregating contextual information acrossEnq uses a Vision Transformer (ViT) backbone, such as
multiple scales within the feature hierard®2]. As shownin  ViT-B (91M), ViT-L (308M), or ViT-H (636M parameters),
Fig. 6, the initial step involves using ResNet50 to extract theto process 1024 1024 imagesl and generate image
feature maps. Following this, PPM is employed to generateembedding featureB, [35]. The exible prompt encoder,
representations of different sub-regions. These features amenoted byEng, then adeptly handles both sparse prompts
then upsampled and concatenated, enabling the model tBs (e.g., points, boxes, text) and dense prompts (magks)
incorporate both local and global contextual data. The nal translating them into token$, and T, respectively[35].
representation undergoes convolutional processing to achievéinally, the outputs of the encoders pass to a lightweight mask
river water predictions. decodeDeq_ [35] for label predictions.
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test set (Rks), whereD D Dyain [ Dval [ Diest Initially,

all subsets are subjected to a preprocessing step, denoted
as P, which includes normalization (Nand resizing (R)
operationsV

DP DR (N (1)) RLi)dpg DfI7LD)dbs ()
where, N (1) ensures consistent pixel values, aRdstan-
dardizes the input dimensions to a 512 512 pixel
format, resulting inIP 2 R5125123 gnd LP 2
[0; 11°12512 as the preprocessed RGB image and the
intended annotated river mask for sampleespectively.
Subsequently, preprocessed training and validation samples
are fed into a chosen deep learning segmentation model

Architecture of (a) SAM, adopted from  [35], and (b) fine-tuning represented by, whereM can be one of the segmenta-
of SAM for river water segmentation in this study. tion models from (SAM, U'NQﬁesNetSO) PSPNQ‘ResNetSO)

PANResNets0) LinkNetresnetsoy DeeplabV3GresNetso),
7) FINE-TUNING OF SAM with parameter$/. During the training phase, the modgl
In this study, SAM was ne-tuned for river water seg- is constructed and re ned using the dataBét, , guiding it
mentation, as depicted in Fi@. (b). In this way, We rst  to learn river water patterns and handle re ection structures.
froze the SAM encoder Encwith a lighter ViT-B (91M  To ensure the model generalizes well to new data and avoids
parameters) backbone to optimize computational ef ciency over tting, the dataseD\f’aIP is also utilized during training.
and conserve resources. This con guration allowed us to Given the preprocessed input imagé’, the model
use the pre-trained parameters of the SAM encoder fOfcomputes the predicted binary river ma§< D fu (|iP| M)
extracting robust image embedding featuFgsfrom river  through a forward pass in each training loop. To quantify
scene images. This also facilitates the use of larger batckhe difference between the predicted water mé&kand
sizes, thereby enhancing the overall ef ciency of the modelijts ground truth mask.P over each training loop, the loss
training pipeline. function is computed using binary cross-entropy (BCE) with
Given the absence of a prompt in our ne-tuning process, sigmoid lossV

the learnable mask tokeris were automatically obtained ]
through element-wise addition of a learned embedding to Lece(; L7)DLlog( (C @ L7)logt  (K))
each location of the image embeddifg[35]. Subsequently, 3)
the extracted featurdg alongside the learnable mask tokens yhere, is the logistic sigmoid function. To update the
T were directly fed into the trainable mask decoderDEC  model parametersy, the Lyain is optimized using thédam

predict the low-resolution mas®as followsV optimizer [41] over each epoch. Moreover, the validation
©OD Deq (F; T.) 1) lossLya is computed over thé)\',’al using the trained model

fw and its updated parameterg, to monitor the model's
The low-resolution masis then upsampled to the input performance at the end of each epoch. Algorithmutlines
size and compared with the ground truth mask using ahe speci ¢ steps involved in the training phase of river water
determined loss function during training. segmentation.
Our ne-tuning process is conducted without any prompt  After ne-tuning the model, evaluation is performed on
encoder, enabling a fair assessment of SAM alongside othethe test samples. In this way, the trained moigeland its
models under consideration and reducing human-machineptimized parametersy are employed to predict the test

interaction. subseD{. These predictions are further compared with the
ground truth maské 2, using an array of metrics detailed
B. RIVER WATER SEGMENTATION USING DL MODELS in [subsectionll-D] to evaluate model performance. The

In this study, the river water segmentation work ow using speci cs of the testing process have been summarized in

DL models is depicted in Fig9. Supported by a river Algorithm 2.

water dataset with distinct subsets for training, validation,

and testing, this methodology forms the foundation of our C. DATA

approach. We employed three established benchmark datasets (i.e.,
Let D D f(I;Li)dys denote our river dataset, where Kaggle WaterNe{36], Elbersdorf/Wesenit{11], RIWA.v1

li 2 RYM3 s an RGB image of the river scene, and [31]) along with our newly proposed LuFI-RiverSnap.vi

Li 2 [0;1]%h is its corresponding annotated river mask dataset to enrich the comprehensiveness of our analysis

for samplei, i.e., ~0" represents the background, and ~1" through various baseline deep learning networks. The amount

denotes the river. The datageincludes three mutual subsets: of training, validation, and testing images of these datasets is

the training set (Rain), the validation set (Ry), and the  shown in Tablel.
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Training and validation loss on the considered datasets when (a) U-Net  (resNets0): () PSPNetresnets0) . (€) DeeplabV3C (resnetso) -
(d) PAN(Resnets0)  (€) LinkNet (Regnetso) . and (f) SAM were used as DL models for river water segmentation.

it becomes apparent that SAM's model exhibited a slightly superior performance, with the results densely clustered
weaker performance compared to other models, as previouslground its median. In contrast, SAM displayed a lower
noted in the visual analysis of Fid4. The box plots in  median than the other models, signifying its comparatively
Figure Fig.13(a)provide clearer insights into differences in weaker performance in river segmentation within this
model performance. As depicted, U-Neknetso)exhibited — case.
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Case Example

Some examples of river water segmentation results on the Kaggle WaterNet dataset. (a) Images and segmentation results generated by
(b) U-Net Resnetsn) - (€) PSPNefresetso) - (d) DeeplabV3C (resnetso) . (€) PANResNets0) (f) LinkNet (resnetso). and (9) SAM were used as DL models for river
water segmentation.Green: False Positives (FP ) detection, Pink: False Negatives (FN ) detection, Blue: correct detection of river water.

Comparison results of DL segmentation models on the Comparison results of DL segmentation models on the RIWA.v1
Elbersdorf/Wesenitz dataset. (Red: the best, blue: second best). dataset. (Red: the best, blue: second best).
Model OA K IoU  Precision Recall Fy Model OA K IoU  Precision Recall Fy
U-Netresnetso) 0.999  0.998 0.998 0.999 0.999  0.999 U-NetresNetso) 0.969 0.907 0.878 0.927 0.942  0.930
PSPNetresNets0) 0.998 0.995 0.995 0.997 0.999  0.998 PSPNet(resNets0) 0.958 0.869 0.834 0.899 0.908  0.899
DeeplabV3+gesnesoy  0.998  0.997  0.997 0.999 0.998  0.998 DeeplabV3+gesnesoy  0.966  0.901  0.873 0.929 0932  0.926
PAN ResNets0) 0.998  0.996 0.996 0.998 0.998  0.998 PAN ResNets0) 0.964 0.892 0.859 0.929 0916 0918
LinkNet(resNets0) 0.998 0.997 0.997 0.998 0.999  0.998 LinkNet(resNets0) 0.966  0.900 0.869 0.930 0.928  0.924
SAM 0.994 0.988 0.988 0.996 0.991 0.994 SAM 0.966  0.891 0.860 0.943 0.897 0914
3) RESULTS OBTAINED ON THE RIWA.vIDATASET DeepLabV3Gresnetsoyranked as the second-best model in

In contrast to the previous dataset, all considered modelsiver water segmentation, with a slight difference (approx-
displayed varying performances in segmenting river waterimately 0.5% on average) compared to U-{N&inetso)
in the RIWA.v1l dataset, as depicted in Fih. In several closely followed by LinkNgkesnetsoy Although SAM and
instances (cases 4, 5, 6, and 12) of the RIWA.vl datasefPANRresnetsojproduced similar segmentation results, SAM
SAM demonstrated superior visual segmentation of rivervisually appeared to have superior performance. Conversely,
water compared to other models. However, common model®SPNekesnetsoemerged as the least effective model in the
exhibited both false positive (FP) and false negative YFN segmentation of river water in the RIWA.v1 dataset, with its
errors in identifying the river zone in cases 2 and 5 (refer toloU and metrics being almost 4.5% lower than those of the
columns 2 and 5 of Figl5(a)-(f)). Interestingly, in certain  best-performing model.
instances, particularly cases 8-13, many models performed These results are strongly supported by the boxplots
comparably well or even surpassed SAM in segmenting rivepresented in Fig. 13(a), where U-Ngisnetso) exhibited
water (refer to columns 8-13 of Fi@5(a)-(q)). higher median values, shorter boxes, and fewer outliers than
Table 5 provides a comprehensive assessment of theother models, indicating its general robustness regarding
considered segmentation models on all test samples of thoU, andFs. Moreover, in 64 test samples, the performance
RIWA.v1 dataset. Upon scrutinizing the results in Table of the U-Nefresnetsoymodel was classi ed as “Excellent,
it is evident that the U-Ne@tesnetso)model demonstrated con rmingthe ndings of TableSand Fig15, asillustrated in
the best overall performance in terms of all metrics, Fig. 13 (b). In contrast, PSPNgbsnetsoydisplayed the worst
except for precision, where SAM achieved a better resultperformance, as evidenced by lower median values, elongated
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(a) Box plots depicting segmentation performance of DL models on the considered datasets, evaluated with , loU, and Fg metrics. Each
box represents the median, with edges indicating the 25  'h and 75'h percentiles, (b) Success levels of DL models on considered datasets using
predefined loU thresholds.

boxes, and numerous outliers (see Fig. 13 (a)). Furthermoregthers, with its performance classi ed as “Excellent" in less
it had the lowest rate of successful segmentation compared tthan 50% of test samples (approximately62 samples) for
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Some examples of river water segmentation results on the Elbersdorf/Wesenitz dataset. (a) Images and segmentation results generated
by (b) U-Net (resNets0) s (C) PSPNetresnetso) . (d) DeeplabV3C (resnets) . (€) PAN(Resnets0) : (f) LinkNet (resnetso) - and (9) SAM were used as DL models for
river water segmentation.Green: False Positives (FP ) detection, Pink: False Negatives (FN ) detection, Blue: correct detection of river water.

the RIWA.v1 dataset (see Fig3 (b)). Although the SAM  exhibiting slightly superior visual performance. The dis-
model visually appeared to have good performance in thdinctions among these models become more apparent in
cases presented in Fitg, its performance was only classied cases 1, 3, and 5, where U-Neknetsoy PAN(ResNets0)
as "Excellent" in 54 test samples, just 2 samples more tharand LinkNefresnetso) demonstrated comparable segmen-
the worst model (PSPNgbsnetso) and 10 samples lower tation results, respectively (see columns 1, 3, and 5 in
than the best model (U-Ngksnetso). However, in 25 test  Fig. 16(a)-(f)). Conversely, in line with previous datasets,
samples, the performance of SAM was classi ed as “Good," PSPNegkesnetso) €xhibited poor performance, consistently
the highest number in this success rate among all considerefdiling to accurately detect the river water area in most
models. instances (see Figl6(a) and (c)). Table 6 presents the
quantitative segmentation results of the models considered
4) RESULTS OBTAINED ON THE LuFI-RiverSnap.vl DATASETfor the RiverSnap dataset to enhance the analysis further.
As expected, the diverse characteristics of the LUuFl-As depicted in Table6, the SAM model demonstrated
RiverSnap.vl dataset led to varying performances amonguperior performance to other models in most metrics, except
the considered segmentation models, as illustrated in théor OA and Recall where PANResNets0)and U-Netresnetso)
showcased examples in Fig6. In this case, a visual achieved slightly better results. DeepLabV@&netso)was
comparison of the segmentation results displayed inF8g. the second-best model for river water segmentation, closely
veri es the exceptional capabilities of SAM in providing river  followed by PANResNets0) and  U-Negresnetsoy Notably,
water bodies very close to the ground truth. This heightened_inkNet(ResNet5O) also delivered a commendable perfor-
accuracy is particularly evident in cases 4, 11, and 12mance, with metric values slightly close to those of the
where SAM signi cantly outperformed other models (refer PAN(ResNets0) and U-Nefresnetso) methods. On the other
to columns 4, 11, and 12 in Fig6(a)-(9)). The segmentation hand, PSPNgsesnetso)had the worst quantitative results
results obtained from U-Ngdesnetsoy LinkKNetresnetsoy  regarding all metrics. These quantitative ndings align
DeepLabV3Gresnetsoy and PANResnetso) were closely  seamlessly with our visual analyses, as highlighted in
matched, with PARkesNetso) and DeepLabV3(resNetso)  Fig. 16.
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Case Example

Some examples of river water segmentation results on the RIWA.v1. (a) Images and segmentation results generated by (b) U-Net (ResNet50) 1
(c) PSPNetresnets0): (d) DeeplabV3C (resnetso): (€) PAN(ResNets0) : (f) LinkNet (resnetso) . and (g) SAM were used as DL models for river water
segmentation.Green: False Positives (FP ) detection, Pink: False Negatives (FN ) detection, Blue: correct detection of river water.

~ Comparison results of DL segmentation models on the fewer outliers compared to other models, explaining its
LuFI-RiverSnap.v1 dataset. (Red: the best, blue: second best). comparatively poor performance in this case.
Model OA K IoU  Precision Recall F,
oo DT D0 0RO 0 03T Go C. EXPERIMENTAL ANALYSIS AND DISCUSSION
DeeplabV3+geesy  0.961 0909 0898 0951 0938  0.941 Using the evaluation framework from the previous
Eﬁ’gzﬁ;‘;ﬂm b e o tom e subsection, we thoroughly evaluated six DL models across
SAM 0963 0931 0925 0985 0938 0957 four datasets for river water segmentation. This assessment

aimed to uncover performance trends, highlighting each
model's strengths and weaknesses across different met-
These ndings are reinforced by the boxplots presented inrics. This section summarizes the key ndings of these

Fig. 13(a) and the success levels depicted in E&fb). For  evaluations.
instance, as shown in Fi§3(a), SAM displayed outstanding In our assessment, SAM demonstrated visually and
performance with higher median values, shorter boxes, andjuantitatively superior water segmentation results on the
fewer outliers than other models. This remarkable resultkaggle WaterNet and LuFI-RiverSnap.v1 datasets compared
was corroborated by SAM's results in Fig3(b), where to other models (see TabBand Table6). This exceptional
it achieved an "Excellent' rating for approximately 78% performance can be attributed to its robust ViT encgda],
of the testing data ( 183 test images), with a minimal signi cantly enhancing its capabilities. However, SAM
failure rate of roughly 5%. Following SAM, PANesNets0) demonstrated comparable performance but did not perform as
and U-NefresnetsoysShowcased commendable performance,effectively as most of the considered models in some cases of
both earning an “Excellent' rating for 66% of the RiverSnap the RIWA.v1 dataset. This can be attributed to the limitations
test data. Notably, PAMNesnetso)€xhibited greater robust- of SAM, as discussed i#4], primarily related to incorrect
ness compared to U-Ngbsnetsoy evidenced by its failure  predictions, broken masks, or signi cant errors in challenging
rate being only half that of U-Ngfesnetsoy along with river scene cases. Additionally, while SAM showed compa-
higher median values, shorter boxes, and fewer outliersable performance in segmenting Elbersdorf/Wesenitz data,
(see Fig.13(a) and (b)). In contrast, PSPN@ksnetso it did not perform as well as other models in segmenting
performance was described as "Excellent' for only 113 (lessrivers with clear water and distinct structures. This stems from
than 50%) RiverSnap test samples, as indicated inl&ih). SAM's original design, which was developed to accurately
It also achieved lower median values, larger boxes, andsegment everything, not speci ¢ object segmentafiBi.

52080 VOLUME 12, 2024



A. Moghimi et al.: Comparative Performance Analysis of Popular Deep Learning Models and SAM IEEEACCGSS .

Case Example

Some examples of river water segmentation results on the LuFI-RiverSnap.v1. (a) Images and segmentation results generated by

(b) U-Net (Resnets0)+ (C) PSPNelRresnetso) (d) DeeplabV3C (resnetso): (€) PAN(ResNets0)« (f) LinkNet (resnetso) . @and (9) SAM were used as DL models for
river water segmentation.Green: False Positives (FP ) detection, Pink: False Negatives (FN ) detection, Blue: correct detection of river water.

Qualitative assessment and summary of the performance of considered DL models for river water segmentation in terms of accuracy for the
Entire image (overall) and each test image (image-wise), visual quality, simplicity and speed(computing time), generality.

Model Quantitative accuracy Visual Simplicity = Robustness &
Overall Image-wise performance & Speed  Generalization

U-Net(resNetso) YYY] ooe YY) oo YY)

PSPNet(resNets0) oo ' ° Yy oo

DeeplabV3+resnets0) eoe oo eoe YY) oo

PAN (ResNet50) ooe YY) oee YY) '

LinkNetResNets0) eoe ooe ooe oo 'Y

SAM ecoe eoee ecoe ° YY)

One bullet denotes the worst performance, while four bullets refers to the best performance.

The U-Nefresnetso)was the best model in river water To synthesize the ndings presented in the previous
segmentation for the RIWA.v1l, which aligns with the section and the observations outlined above, a comprehensive
nding in [3] in which this model was the best on this summary of the performance analysis of the evaluated DL
dataset. Furthermore, all models demonstrated promisingnodels has been presented in Talfle SAM performed
performance in the Elbersdorf/Wesenitz dataset. This can bexceptionally well in all aspects but ranked the lowest among
attributed to the fact that this data includes images captured bthe DL models in terms of simplicity and computation time.
a sensor with speci ¢ characteristics in a distinct river sceneHence, it proves to be a suitable choice for river segmentation
over time, resulting in limited variability. This characteristic tasks in which both accuracy and stability are of inter-
makes these data well-suited for adaptation by most deepst. U-Nefresnetso)exhibited a well-balanced performance
learning methods, as observed in the comparable resulténoderate to high scores across all criteria) across various
achieved by SegNet and FCN models presentddlih The  criteria. This makes it an adaptable choice for general river
PSPNekesnetso)Yielded the poorest results in river water segmentation tasks. PARsnetsoy DeeplLabV3GresNetso)
segmentation in all cases, primarily due to its comparativelyand LinkNefresnetsopprovided a reasonable balance between
lightweight architecture compared to the other models testedjualitative/quantitative accuracy and speed. This makes
in this study. them well suited for segmenting river waters, where a
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