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Abstract—Due to the rapid development in robotics and '
autonomous industries, optimization and accuracy have become Realtipe compuitivn SRS RO Le computtion
an important factor in the field of computer vision. It becomes
a challenging task for the researchers to design an efficient, ICNet
optimized model with high accuracy in the field of object FAST-SCNN
detection and semantic segmentation. Some existing off-line scene L
segmentation methods have shown an outstanding result on - :
different datasets at the cost of a large number of parameters B Scstiet &
and operations, whereas some well-known real-time semantic ) N
segmentation techniques have reduced the number of parameter _ i
and operations in demand for resource-constrained applications,
but model accuracy is compromised. We propose a novel ap- Fig. 1. Number of parameters vs cityscapes mlotOur model generates
proach for scene segmentation suitable for resource-constragnl less parameters compare to others and produces better actaacENet
embedded devices by keeping a right balance between modeland SegNet. It also generates lesser FLOPs than all modelsighte[ V)
architecture and model performance. Exploiting the multi-scale
feature fusion technique with accurate localization augmentation,

we introduce a fast feature aggregation network, a real-time sae robustn to variance in le and handlin bilitichf r
segmentation model capable of handling high-resolution input obustness 1o variance in scale a a g capabiiityc

image (1024x 2048 px). Relying on an efficient embedded vision Semantics, CNNs are widely used for object detection, mrsta
backbone network, our feature pyramid network outperforms and scene segmentation. To meet the growing demand of
many existing off-line and real-time pixel-wise deep convolution multi-scale testing, it becomes essential to improve ptéi
neural networks (CNNs) and produces 89.7% pixel accuracy and accuracy of these model5][4].]1[5]. To address this, feature

65.9% mean intersection over union (mloU) on the Cityscapes . - . .
benchmark validation dataset whilst having only 1.1M parame- pyramid network (FPN) was introduced inl [6]. It utilizes an

PSPNet

DeeplLabV2

ters and 5.8B FLOPS. in-network feature hierarchy architecture and introdwcésp-
Index Terms—Semantic segmentation, BiFPN, MobileNet. down pathway to achieve multi-scale feature fusion. Many
object detection and instance segmentation models addypt FP
I. INTRODUCTION to achieve high accuracy. Later on, PANet [7] was introduced

Semantic segmentation is one of the most challenging ta senhance the entire feature_ h|erar_chy of FPN. It resolves
in computer vision. It aims to assign a class/label to ea ° Issue of Iogahzmg the signals in the Iowgr Iayers_of
pixel of an input image. These classes/labels are defineldeby N by introducing a bottom-up path augmentat[on. Inspired
training set and could be anything such as car, buildingplego y these two approaches, rec?”?'y Qoogle Brain has come
bicycle, train, and many more. By clustering parts of thegma up a new 'technlque, cglled B|-d|'rect|0nal Fe.awe Pyramid
together based on same object of interest, it identifieonsgi Network (Ef"FPN) for object Qetect|0|1 [8]. 1t optimizes P’QN
of different objects in the scene. Thus, it opens the door fge;ature fusion approacr) and_mtrodgces few skip CO””&“’F‘“’”
developing numerous real-time applications speciallyhia tenhance fe?‘“fe maps’ quality at d'ﬁerem levels. Thesbl-mu
field of autonomous driving, robotics, virtual reality andeo scale techplques are V?‘S“y usgd for object dete-ct|on,.ctmt n
surveillance. for semantic segmentation. Inspired by these multi-saad®h

Over the decade, innumerable CNN modéls [I], [2), [ pproaches, we introduce a modified Bi-FPN technique in our

have been proposed to generate a segmentation map 0 osed scene segmentation model. This modified design als

an entire image in a single forward pass. Due to the hiqIl(;ntl)r\llf;treas”tg\igglegrg:i?elgae:lecontextual prior, thus ofzing

To generate rich semantic features for multi-scale fedture
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Fig. 2. Complete architecture of FANet

sion in scene segmentation, we need an efficient and optimizey utilizing a pyramid pooling module (PPM)_[20] or an
feature extractor. Many segmentation models use ResNeta#tous spatial pyramid modulé [22] as a global contextual
a backbone due to its high scalable nature. It can be scafibr. All these techniques have shown that multi-scaléuiea

up from ResNet-18 to ResNet-200! [9] to improve moddusion plays an important role in improving the prediction.
performance, but the number of parameters and FLOPS aldowever, fusing different feature maps of different sgatia
increase with the model size. Various segmentation modelisnensions often introduces a large semantic gap caused by
such as DeeplLabV3+1[2], EfficientNets [10], Fast-SCNN [11different depths of layers. To address this issue, HEN [€] an
use MobileNetV2 [[1R] as feature extractor due to its higRANet [7] were introduced for fusing semantic features of al
scalabilty and optimized features. Inspired by MobileN&tVsemantic labels. In contrast to these top-down and bottom-
and FAST-SCNN, we use mobile inverted residual bottlenecip approaches, the Google Brain team introduced another
blocks to design the backbone network of our model. Waulti-scale feature fusion technique, called NAS-FRNI [23]
also use depth-wise convolution (DsConv) to optimize thgy leveraging the neural architecture search for automatic
number of operations and parameters of convolution layedgsign of feature network topology. But due to long search
thus we strike a right balance between the model architecttime and unpredictable network architecture, this tealmiq
and model performance. Hence, we design and proposeisamot suitable for embedded devices. Recently, another ef-
optimized scene segmentation model for resource-consttai ficient, scalable object detection model, named EfficientDe

computer vision devices. [8] has been introduced by the Google Brain team, based on
a new feature-fusion technique, called Bi-directional thea
Il. RELATED WORK Pyramid Network (Bi-FPN). Bi-FPN is an optimized version

Semantic segmentation models typically follow an encode?f PANet and it produces better results compared to existing
decoder architecture. In the encoder stage, a deep CNN typulti-scale feature fusion techniques.
cally computes a feature hierarchy layer by layer and degelo  Since, the demand for high-performing real-time methods
an inherent multi-scale pyramid shape, whereas at the deco@ increasing rapidly, so several research works have been
end, high-semantic feature map is up-sampled and fused w#@nducted in the field of semantic segmentation to target
the previous layer feature map through lateral connectiofgsource-constrained embedded devices. SegNet [1] isfone o
to recover higher spatial dimensions. After extractingtigpa the pioneering models targeting real-time computatiortet.a
details, model predicts the class for each pixel to compete on, ENet [24], ICNet [[25], ContextNet [26], BiSeNet [27]
segmentation process. Different networks such as VGG [18jere introduced to improve the performance in a real-time
ResNet [[9], Xception[[14], or MobileNei [15] are often useg@nvironment. All these models generate moderate resutts bu
as the encoder. still could not process high-resolution images quickly egio

The Fully Convolutional Network (FCNJ[16] has shown dlue to their large number of FLOPS and parameters. By
revolutionary approach for all modern CNNs by adopting afeping a balance between model size and model performance,
encoder-decoder architecture. It replaces the fully coteae FAST-SCNN [11] attempted to address this issue. It can
layers from the top of the encoder by convolution one to geRrocess high-resolution input images quickly in real time
erate a spatial map instead of classification scores. Basedagd produces better segmentation results. Later on, anothe
this foundation, several models such as UNet [17], RefineN®pdel, called DFANet[[28] is introduced for real-time scene
[18], DeepLabV3+[[10] are then developed by exploiting theeégmentation. Though the model claims to achieve 70.3%
lateral connection between the low-level feature mapssacrénioU on Cityscapes test set, but it has more than 6 times
resolutions and semantic levels. Inheriting the benefits parameters and FLOPS compared to FAST-SCNN and cannot
multi-scale features fusion, several other approache®P®rocess full resolution of Cityscapes images.
Net [20], DeepLab[[?], ParseNet [21]) are also developed Therefore, inspired by the simple design of FAST-SCNN,



we develop a new model by exploiting optimized architectusubspace produces rich semantic features, we introduce two
of the residual block of MobileNetV2. To reduce the largenax-pooling layers on top of residual blocks to reduce the
semantic gap between the spatial dimensions of low-featiggatial dimensions of feature map and create two additional
map and global feature map, we also incorporate a new mufttages for multi-scale feature fusion. Note that addingehe
scale feature fusion approach. We detail our approach in tthewvn-sampling layers does not increase computational cost
next section.

TABLE I

I1l. PROPOSEDMETHODS LAYER ARCHITECTURE OF BACKBONE NETWORK

In this section, we propose an optimized and efficient net

k . Stage (i) Input Operators Layers (n) Output
work for semantic segmentation, call FANet, capable of han-—1 1024x2048<3 | Conv, k3x3 1 512x1024x32
i i ion i i i 2 512x1024x32 | DSConv, kX3 1 256x512x 48
- 1 ]

dling high resolut|0n_ images and producmg_a_quahty outp 3 5651245 | DSCon 153 I e et
at a lower computational cost than many existing altereati a T28x 25664 | MBConve, kax3 3 64x128x64
- 64x128x64 | MBConve, k33 3 32x64%x96

- 32x64x96 | MBConvé, k3«3 3 32x64x128

: 5 32x64x128 Conv, kIx1 1 32x64x64

A. Network Architecture 6 32x64x64 MaxPooling 1 T6x32x64

The overall architecture of the proposed model is shownlin_* 16x32x64 MaxPooling ! 8x16x64

Fig[2. In the following subsections, we discuss the backbon
network, the modified Bi-FPN and classifier module in detail. The feature maps of the same spatial sizes produced by

. ] ) _different layers fall under the same stage. Thus, we gemerat

1) Backbone NetworkSince our main focus is to designseyen stages in backbone network and it reflects ifiFig.2 Not
an optimized model capable of handling full-resolution g®8. 4t the original input size should be divisible By, We use
with higher accuracy in real time, we decide to employ thgsmantic features of P3, P4, P5, P6, P7 levels for feature
MobileNetV2 architecture[[12]. Specifically, we use thregsion. A complete description of our multi-scale feature
bottleneck blocks, each repeating three times. Similaheo tfsion technique is given in the next sub-section.
residual block, each bottleneck block contains an input fol 2) Modified Bi-FPN: Fig.[3 shows the design of different
lowed by several bottlenecks, then followed by expansi¢r Tfeatyres scaling techniques. FPN (a) introduces the concep
expansion ratio, ratio between the size of the input batttén ¢ muiti-scale feature fusion by setting a top-down pathway
and the inner size, is 6. The _basic implementation structuf®ereas PANet (b) suggests an additional bottom-up path
of MBConvé is demonstrated in Tate I. Hetle,w,c andc’  qugmentation for preserving the local context. By exphjti
denote the spatial dimensions of tensaregfines the expan- pneyra| architecture search, recently a new model, calle8-NA
sion ratio ands defines the stride. Note that we use RelLlgpp (c), is introduced for object detection. Although it iept
non-linearity in the first two layers because of its robustne mizes a large number of operations, it is difficult to intetpr
However, we do not use it after the last layer to prevegie feature network due to long neural network search time.
non-_linearities_ frpm destroying meaningful informatiohe  pore recently, EfficientDet introduces Bi-FPN (d) techréqu
provide the similar layered architecture to each MBCONM@ gpject detection which optimizes several cross-cotiogs
block to make our design uniform and simple. Based on thg paNet and introduces lateral connections between thetinp
size of the filter in each block of MobileNetv2, we set thgq output node if they are at the same level. Thus, it improves
filter size of each MBConv6 block. Tablel Il shows that weenwork performance. Inspired by this approach, we design
use 64 channels for first bottleneck block, 96 for second agdmodified version of Bi-FPN technique (e). We introduce a
128 for third block. new top-down path augmentation for feature aggregation and
produce final semantic features at the finest level. We also
employ few lateral connections between the input to output
node at same label to enhance the model performance.

TABLE |
BOTTLENECK RESIDUAL BLOCK

hlnput — gpe“’f}lt/olf - hOUtPUt Formally, given a list of semantic featurds™ = (F;",
XwXc X onv,1/1, Relu XwXtc in in .

hxwxtc 3x3 DwConv, 3/s, Relu| h/sxw/sxtc Flz e Fl? ) generated by dlﬁgrent layer stage;(PS to P7),
R/sxw/sxtc Tx1 Conv,1/1, - RJsxw/sxc our aim is to find a transformatiofi that can effectively map

different features at different semantic levels and predac
rich multi-scale semantic featureB*“* = (F"“, F2%,...,
Inspired by FAST-SCNN, we introduce three layers at thEloi“t) at all labels. Finally, all contextual feature maps at
beginning of the residual blocks to down sample the inpué Thilifferent labels will be aggregated to generate final global
first layer is a standard convolution layer (Conv) and remaifeature map at the finest levél'F,,,, = F/"+_ f(F°""). Fig.
ing two layers are depth-wise separable convolution layélisshows a graphical representation of our multi-scale featu
(DSConv). Although, DSConv optimizes number of operatiorfasion technique. Features from P3 to P7 stages are taken
and parameters, we employ Conv at the first stage due to lémsfeature fusion. First, a top-down approach is employed t
channels (only three) of the input image which makes thiase global features with local features. Secondly, a botto
use of DSConv insignificant. As the low-dimensional inpuip path augmentation technique is implemented to localize
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c) NAS-FPN i e) Modified BiFPN

Fig. 3. Design of different feature networks. a) Featurea®yjd network - introduces a top-down pathway for multiscalufee fusion; b)Path Aggregation
Network introduces a bottom-up pathway for better localisgtc) Neural Architecture Search FPN uses neural seardimdoout irregular feature network
topology; d) Bidirectional FPN optimises PANet and introdsicskip connection; d) Modified BFPN introduces an additigop-down pathway and two
lateral connections for feature aggregation and bettetigien

each objects of the scene and generate a list of contextual
feature maps at different label§(**, F°*, F2*, F?** and
Fl‘;“t). The size of each feature map in each successive stage
is reduced to 1/2 of its previous stage size. For example, at
P3, the feature size is 128 256px whereas, at stage P4,

Loss

2.5

the size is 64x 128px. Once the rich contextual features are

generated, we generate the final aggregated feature mag at th

finest level through a top-down path augmentation. R VRS -
Fl‘;“t = C’om}(Fl‘;“t) Q) Fig. 4. Finding optimal learning rate

Fout =C Fout U l Fout U l F’L'n ) .
e onv(Fig"" + Upsample(F(™) + Upsample( 17()2)) A. Implementation Details

Feut = Conv(FP* + Upsample(Fe™)) A3) To conduct this experiment, we use a dual Nvidia GeForce
> ° ° RTX 2080Ti GPUs system, each GPU has 11GB of mem-
Fﬁut = Con( Fliut + Upsample( F2*)) (4) ory. To exploit the parallel processing power of GPUs, we

use CUDA 10.2. Our proposed model is developed us-
F2" = Conv(F{™ + F2* + Upsample(F*))  (5) ing tensorflow 2.1.0 andkeras 2.3.1. To utilize both
-~ ] ) GPUs in data-parallel distributed training environmeng w
3) Classifier module:The purpose of adding this modulegmploy thehor ovod framework [29]. It takes a single-GPU
on top of the model is to assign_a cla_ss to each pixel of featyrgnsor f | ow program and trains it on multiple GPUs. For
map. To keep the model design simple, we use only Wgsiance, in this researchor ovod divides the whole training
depth-wise separable convolutions, one standard comvolut get into two sets and runs the training script on individw! s
one Upsample and one softmax layer. Depth-wise separapléaach GPU. Thus, it boosts the run-time performance by
convolution layer convolves the feature map along all d'merfectiver utilizing all resources. We use stochasticdigat
sions by optimizing the number of parameters and FLORgacent (SGD) as the model optimizer with 0.9 momentum.
whereas Upsample layer recovers the spatial dimensions Ofnspired by [2], [15], [20], we use ‘poly’ learning rate by
feature map without increasing computational cost. Fnallsetiing 0.045 as base value and 0.9 as power. To find out the
by using softmax activation, a multinomial logistic reghe®  qptimal learning rate in each epoch during training the mode
function, our mode! assigns a class to individual p.|xel. ghuwe train our model for 5 epochs using polynomial scheduler
segmented output is predicted by the model. In this researghq plot model loss against learning rate. Thus, we set upper
we use 19 classes (excluding background) out of 30 clasgggy jower bound of learning rate for training. Fig. 3 illegers
of the Cityscapes dataset. the plot of learning rate vs model loss as an example. To
calculate model loss, we use categorical cross-entropy.
Following the suggestion by MobileNetV2, we use 0.00004
We trained the proposed FAST-FANet model with thasli, regularization for top layers of the model except depth-
Cityscapes training set and evaluated its performance en thise convolution. To avoid overfitting due to limited datag w
validation and test sets. We also compared model perforenampply various data augmentation techniques such as random
with few off-line (DeepLabV3+, Bayesian SegNet) and reaRkorizontal flip, vertical flips, random crop, resizing and ad
time (FAST-SCNN) segmentation models under same configsting brightness, saturation and contrast of images. & a
uration. Details are given in the following. use a dropout layer just before the softmax layer. It also can

IV. EXPERIMENT



togel accueecy i skl bes We also performed an ablation study to verify our model’s

09 i — train

16 i performance. We used FPN, BiFPN and modified BiFPN with

] S our light-weighted backbone network and documented model

g | m performance in Tabl€V. It can be observed that additional
t feature aggregation path and few lateral connections of the
*1 N , , modified BiFPN technique enhance model's performance by

— train 04

=) wl . ‘ | 0.9%. Proposed FANet with modified BiFPN has a total of
TE Tt ™ E N 1 V] parameters and 5.8B FLOPs which are comparably
lesser than many existing real-time scene segmentation mod
els. We also evaluated our model performance in terms of
class-wise prediction accuracy at different input resohs
regulate model over-fitting issue and can improve valigati®nd presented the results in Tablé 1l as ready referencen Fr
accuracy. After training the model several times with agfet  Tables[Ill and[1V, it is observed that the model prediction
dropout rates, we noticed that a dropout rate less than @gcuracy is almost 90% in most of the object categories such
cannot address the overfitting issue whilst a value more th@# flat, construction, nature, sky and vehicle, whereasjecob
0.6 value causes underfitting. Therefore, we set the avarfagéind human categories, the model performance is lower due to

Fig. 5. Plot of model accuracy and loss against epoch

these two values as dropout rate. the tiny size of the objects in these categories. For motor-
cycle and truck, performance is less than 50% due to the
B. Dataset lack of training data available in these two classes. Theesam

We used Cityscape$ [B0] for evaluation. It is a large-scaenomenon is also observed with other models. The results
dataset, mainly used for object detection, instance andusemfor category-wise mloU on the validation set are exhibited
tic segmentation. It provides annotated data for 30 clasdgsTable[IM: our model achieves 83.6% accuracy which is
grouped into 8 categories. The dataset consists of aroud@ 5@etter than many real-time scene segmentation models such
fine annotated images and 20000 coarse annotated ones. as SegNet, ENet and ContextNet.

In the experiments, we used only fine annotated images and
considered only 19 classes for pixel annotations. The whaofe
dataset is divided into three parts- training set (2,97 5gies}, To compare FANet performance with other existing models,
validation set (500 images) and test set 1,525 images). TWe train few off-line and real-time segmentation modelsamd
labels for the training set and validation set are given igame configuration with full input resolution and 4 batcresiz
Cityscapes whereas the test labels are not provided by e to the hardware limitation, we could not set higher batch
benchmark. However, the prediction on the test set can $i&e for the experiment. Results of comparison on validatio
submitted to the Cityscapes server for evaluation. set are displayed in TablelV. Due to large size of FLOPS,

We also used the CamVid datas&t][31] for performansgparable UNet, deepLab and Bayes-segnet are used aseoff-Ii
evaluation. This dataset is mainly designed for objectdliele segmentation model, where as FAST-SCNN is used as real-
in automated driving vehicle. The images of this dataseewelime computational model. As per the literature, FAST-SCNN
generated from a recorded video, then annotated frames wieduces 68.6% validation accuracy, but our experiment has
created by assigning a class colour to each object of theefragthieved at most 63.3% accuracy on cityscaapes validation
by human operators. This dataset contains 267 images $6t and 63% on test set. We could not verify our FAST-
training, 101 for validation and 233 for testing. Out of 33CNN implementation due to the unavailability of official
classes, we used 12 classes (including void) for performarfeitHub implementation. But to our understanding, we have
evaluation. Due to the small size of the dataset, models w&ehieved best performance of FAST-SCNN compared to all
under-learned. We used data augmentation to address @vgilable unofficial GitHub implementations. Thereforeyr o

Performance Comparison

issue. experiment shows that proposed model has achieved better
) accuracy (65.9%) than the FAST-SCNN. Based on other
C. Model Evaluation parameters such as FLOPS, number of parameters, model size,

In this section, we illustrate the performance of FANet oour proposed model out performs other models. We have also
the Cityscapes dataset for semantic segmentation. Pigal accalculated inference time for all the models for 500 valialat
racy (Pi. Acc.), Class mean Intersection Over Union (mloUjnages and Tabl€1V shows that FANet takes less time to
and category mloU on validation and test sets are measurpcedict all the images. Hence, we can conclude that overall
We train our proposed model with different input resolusonFANet performs well in real-time environment.
for 1000 epochs. Fid.]5 shows the model accuracy and losdVe have also compared the prediction on the test set as
against the number of epochs on training and validation Betsevaluated by the Cityscapes server. The result of compariso
demonstrates that the model reached its saturation pdant afs displayed in Tablé_VI. To compare overall performance of
800-900 epochs and obtained 89.7% pixel accuracy on thié models, we calculated FLOPS and number of parameters
validation dataset which is much better than many existimf each model listed in the Table]VI. From this table, it
models. Model also achieves 65.9% mloU on validation setan be observed that DeeplLab and PSPNet produce best



TABLE Il
FANET PERFORMANCE ON VALIDATION SET AT DIFFERENT INPUT RESOLUDNS

Input Size | Road | S.walk [ Build. | Wall | Fence| Pole | T.light | T.sign | Veg. | Terrain | Sky | Person| Rider [ Car | Truck | Bus | Train | M.cycle | Bicycle | mloU
1024<2048 | 96.2 | 751 | 89.3 | 52.7| 47.3 | 47.0| 535 | 646 | 89.8| 55.2 | 925| 70.2 | 456 | 90.9| 47.0 | 70.4| 615 | 38.8 65.2 | 65.9
768x1536 | 955 | 73.6 | 88.2 | 425| 411 | 456 | 498 | 613 | 89.7| 53.3 | 90.8| 685 | 41.2 | 89.6| 435 | 639 | 482 | 355 62.8 | 62.3
512x1024 | 954 | 71.8 | 87.1 | 349 | 36.8 | 442 | 436 | 580 | 89.4| 56.5 | 90.8| 66.7 | 383 | 88.1| 415 | 55.8| 41.4 | 321 61.9 | 59.7
TABLE IV
CATEGORY-WISE FANET PERFORMANCE ONCITYSCAPES VALIDATION DATASET
Input size | Flat | Construction| Object | Nature | Sky | Human | Vehicle [ mloU
1024x2048 | 96.7 89.4 55.6 90.1 92.5 71.5 89.2 83.6
768x1536 | 96.1 88.5 52.8 89.7 | 90.8 70.4 87.6 82.3
512x1024 | 96.1 87.7 50.6 89.3 | 90.8 68.9 86.5 81.4
TABLE V
PERFORMANCE EVALUATION OF DIFFERENT ON CITYSCAPES VALIDATON SET
Number of | Number of Run-time Inference
Model Class mloU | Category mloU| parameters| FLOPS h time for Model Size (MB)
(in Million) | (in Billion) | P€" €PN validation set (sec.)
Separable UNet 29.6% 62.3% 0.35 27 754 129 3.1
Bayes-SegNet 56.8% 77.2% 29.5 2720 672 214 225.4
DeepLab 58.2% 79.3% 37.9 1575 728 123 90.2
FAST-SCNN 63.3% 82.2% 1.2 7.7 258 120 9.4
FANet (with FPN) 62.6% 81.3% 1.2 59 247 117 9.5
FANet (with BiFPN) 65.0% 82.5% 1.1 5.8 241 113 9.4
FANet (with modified BiFPN) 65.9% 83.6% 11 5.8 241 113 9.4

*All models are trained with input of size 1022048x3 and batch size 4.

TABLE VI
PERFORMANCE EVALUATION OF DIFFERENT MODELS ON CITYSCAPES TET SET
Number of | Number of
Model Class mloU | Category mloU| parameters FLOPS
(in Million) | (in Billion)
DeepLabV3+[[19] 82% 91.6% 37.7 267
DeepLabV2[[2] 70.4% 86.4% 37.9 1575
PSPNet[[2D] 81.2% 90.6% 65.5 516
SegNet extended [1] 56.1% 79.8% 29.5 1365
ENet [24] 58.3% 80.4% 0.4 19
ICNet [25] 69.5% — 6.7 30
FAST-SCNN [11] 68% 84.7% 1.2 7.7
FANet 64.1% 83.1% 11 5.8
*empty cell means that data is missing on evaluation server.
accuracy on test set, but at the cost of large FLOPS and TABLE VII

parameters. Due to the large size of backbone network, theseEVALUATION RESULTS ON VALIDATION SET OF CAMVID DATASET

models are suita_ble for off-line segme_ntation. For rembti Model input size | Class mean ToU Pi. Acc.
scene segmentation, we need an optimized and efficient model| SegNet*[1] 360x480 55.6% =
which can work fast in real-time environment and requires FASET”‘;%’EIZN“]H,] 531620X14(§3204 g%ggﬁ -
: - 111 X 0% 9%
less memory footprint. Among all the models, ENet has much FANGt S1ox 1024 578% 87.1%

less parameters. However, it has 19B FLOPS due to its multi-
branch approach which slows down model performance and
it also produces low prediction accuracy. On the other hand,
ICNet generates a better accuracy (69.5%) among all the .
real-time segmentation models, but it has 30B FLOPS and;'gn are not tralne_d by us. The results for these models are
6.7M parameters. Compared to all other models, our propo racted from the literature. It is shown that FANet prashic

FANet has less parameters (1.1M) and FLOPS (5.8B) and a telr cllassdmlou and Pi. Ecm::r:c;{_on t[\r:ﬁ CaTVid validgtior;
produces 64.1% class mioU on the test set. set. It also demonstrates that FAST-SC performance is al-

most similar to FANet on CamVid dataset. A same observation
We also evaluated our proposed model on the CamMsl also made made after analyzing the predicted images by
dataset. For a comprehensive analysis, we compared oul mdldese two models. For qualitative assessment, we compare
performance with some existing real-time segmentation-mathe prediction on the Cityscapes validation set and preisent
els. The results are readily shown in Table]VIl. Models witin Fig.[d. The second column shows the ground-truth of the

*empty cell means missing value in literature.
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Fig. 6. All models (mentioned in table]Il) prediction on Citgpes validation set
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Fig. 8. FANet predictions on CamVid Validation Set



original images. It can be clearly identified that quality ofi1] R. P. Poudel, S. Liwicki, and R. Cipolla, “Fast-scnnstfasemantic

the predicted images by FANet is better than other mode]s.
) . 12
Especially, the edges of objects are more properly segruien&e
and most of the tinny objects (traffic sign, traffic lightspar
identified more clearly. We also observed that the quality &l
predicted images of FAST-SCNN is better compared to Othﬁﬁ]
models. We separately compared FANet's performance with
FAST-SCNN and exhibit their prediction in Fig. 7. Though thé&]
quality of images by both models are almost similar but it can
be observed that FAST-SCNN occasionally assigned indorrec
labels to some pixels. This could be due to a large semargic &l
between the local feature and global feature maps. In FANet,
this gap is reduced by the multi-scale feature fusion tephi [17]

which produces better predicted images overall.

Fig. [8 also shows predicted images by FAST-SCNN ang;
FANet on CamVid dataset which appear almost same. How-

ever, the prediction quality by both models are not satisfsc

due to the lack of training images which is an inherent iss

with this dataset.

We have proposed an efficient and optimized semantic

. . . S 2€]
segmentation model which can handle high-resolution |an.1
images and can quickly produce output in real time with low
computational cost. Due to its optimized structure and the

V. CONCLUSION

ability to capture contextual information by a new featurals
ing technique, it outperforms many existing real-time setica

segmentation models. We also demonstrate that our mallé-sd24]
feature fusion technique reduces the semantic gap between
global feature and local feature and also substitutes tiee nges)
for global contextual prior. In the future, we plan to evatia

FANet performance on COCO dataset. Our implementation [Qg]

FANet is available at https://github.com/tanmaysingANEt.
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