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Small Object Sensitive Segmentation of Urban
Street Scene With Spatial Adjacency
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Abstract— Recent advancements in deep learning have shown
an exciting promise in the urban street scene segmentation. However, many objects, such as poles and sign symbols, are relatively
small, and they usually cannot be accurately segmented, since
the larger objects usually contribute more to the segmentation
loss. In this paper, we propose a new boundary-based metric
that measures the level of spatial adjacency between each pair of
object classes and find that this metric is robust against object
size-induced biases. We develop a new method to enforce this
metric into the segmentation loss. We propose a network, which
starts with a segmentation network, followed by a new encoder
to compute the proposed boundary-based metric, and then trains
this network in an end-to-end fashion. In deployment, we only
use the trained segmentation network, without the encoder,
to segment new unseen images. Experimentally, we evaluate the
proposed method using CamVid and CityScapes data sets and
achieve a favorable overall performance improvement and a
substantial improvement in segmenting small objects.
Index Terms— Small objects segmentation, spatial adjacency,
semantic segmentation, urban street scene.

I. I NTRODUCTION

S

EMANTIC segmentation aims to assign a categorical
label to each pixel in an image [1]–[3], and it plays an
important role in image understanding [4]–[6]. The recent success of deep convolutional neural networks (CNNs) [7]–[13]
has made remarkable progress in pixel-level semantic segmentation tasks [14]–[18]. But the segmentation of small objects is
usually inaccurate [19], as small objects usually contribute less
to the segmentation loss. For example, as shown in Fig. 1(c),
sign symbols and poles only take a small fraction of the
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Fig. 1.
An illustration of the effectiveness of the proposed method,
which improves the segmentation results of FCN-8s [14] by using proposed ISBEncoder, especially on small objects. (a) Input. (b) Ground Truth.
(c) Without ISBEncoder. (d) With ISBEncoder.

overall urban street scene, and they could be overlooked in the
segmentation. However, accurately segmenting small objects is
of great importance in many applications, such as autonomous
driving, where driving safety and precise navigation are dependent on the segmentation and recognition of small-sized poles
and traffic signs [20]–[25]. In this paper, we take urban
street scene segmentation as a study case and develop new
CNN-based semantic segmentation methods that can better
handle small-sized classes.
One common strategy towards improving the segmentation
accuracy of small objects is to increase the scale of input
images, to enhance the resolution of small objects, or to
produce high-resolution feature maps [20]–[22], [26], [27].
This strategy is usually implemented in CNNs by reducing
object size induced biases, and training the network to generate
multi-scale representation which enhances high-level smallscale features with multiple low-level feature layers. However,
those approaches require data augmentation or increase of the
feature dimension. Simply increasing the scale of input images
often results in heavy time consumption for both training
and testing [20]. The multi-scale representation constructed
by the low-level features works as a black-box and cannot guarantee the constructed features are interpretable [22].
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Fig. 2. An overview of the proposed pipeline – segmentation network with the ISBEncoder. The ISBEncoder is capable of encoding the level of spatial
adjacency between object-class pairs into the segmentation network.

Post-processing is another strategy towards improving the
accuracy of small object segmentation [17], [28]. As postprocessing is not integrated into the segmentation network,
the network cannot update its weights according to the post
processed results in the training phase [29].
In this paper, we propose an Inter-class Shared Boundary
based Metric (ISBMetric) to quantify the level of adjacency
between each pair of object classes. Specifically, ISBMetric
calculates the proportional length of the shared boundaries.
For example, ISBMetric between object classes A and B is
the proportion between the length of their shared boundaries
and the perimeter of A or B. In addition, by quantifying
this ratio based level of spatial adjacency, the proposed
ISBMetric is robust against object size induced biases, such
that small objects can contribute more to the segmentation
loss. We demonstrate that the enforcement of the ISBMetric
can help improve the segmentation accuracy of small objects.
We propose an ISBMetric based encoder (ISBEncoder) for
the purpose. In particular, the proposed ISBEncoder takes
the prediction from the segmentation networks as the input
and its output is guided by the ISBMetric matrix calculated
using segmentation ground truth. In deployment, we only use
the trained segmentation network, without the ISBEncoder,
to segment new unseen images, such that no extra time or cost
is added to the segmentation network. The proposed
pipeline – segmentation network with ISBEncoder – is illustrated in Fig. 2 and it can be trained in an end-to-end
fashion.
We evaluate the proposed method using two urban street
scene datasets: CamVid [30] and CityScapes [31], and achieve
improved results, especially for the small object classes. The
effectiveness of the proposed ISBMetric and ISBEncoder is
tested and evaluated by combining to many state-of-the-art
segmentation networks. To sum up, the main contributions of
this paper are: 1) We propose a new ISBMetric to measure the
level of spatial adjacency between each pair of object classes.
The ISBMetric is robust against the object size induced biases,
such that small object classes can contribute more to the
overall loss. 2) We propose a new ISBEncoder to enforce
the ISBMetric in the segmentation of urban street scene. The
proposed ISBEncoder can be easily combined to many stateof-the-art segmentation networks. 3) We achieve substantially
improved segmentation accuracy of small object classes and

improved segmentation accuracy of large object classes using
the proposed method without adding extra time or cost during
the deployment.
II. R ELATED W ORKS
Segmenting small objects, e.g., poles, traffic signs, and
pedestrians, in urban street scene is of great importance in
intelligent vehicles [32]–[34]. Various methods [17], [22] have
been proposed to address this challenging task. To improve
the small object segmentation accuracy in urban street scene,
one common strategy is to use multi-scale input images, such
that the resolution of small objects in the image is enhanced.
This strategy is usually implemented in CNNs, such that
the network can learn both high-level large-scale and highlevel small-scale features. Thus, it can reduce the object size
induced biases. However, the training of the network requires
data augmentation, not to mention the heavy time consumption
in both training and testing.
Another strategy to improve the segmentation accuracy
of small objects in urban street scene is to use context
based post-processing, e.g., Markov Random Field (MRF)
and fully connected Conditional Random Field (CRF). Most
fully convolutional network (FCN) based methods exploit
context information by constructing MRFs or CRFs as the
post-processing stage to the overall network [17]. However,
the post-processing stage is disconnected from the training of
the network [17] and the network cannot adapt its weights
based on the post-processing outputs [29].
Also related to this paper are several scene parsing
approaches that partially address the small object segmentation
problem. In [11], a Siamese network is proposed to learn the
global context similarity between images. It tries to improve
the segmentation performance of the small object classes by
re-weighting the classes based on how often the classes appear
in the dataset. In [13], a FoveaNet with CRFs is proposed
to correct the distortion caused by the camera perspective
projection. It tries to improve segmentation performance of
the objects crowding around the vanishing point.
Different from small object segmentation, small object
detection only provides a bounding box to the target. In [32],
a multi-stage feature is proposed for classification by bridging
the connections between large objects and small objects with
skip layers to increase the discrimination of small objects.
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In [33], multi-stage features are used to integrate global shape
information with local distinctive information to learn the
detectors. In [34], hinge loss is introduced to the CNNs resulting in a faster and more stable convergence with better performance. In [20], network is trained to generate multi-scale
representation which enhances high-level small-scale features
with multiple low-level feature layers. In [22], a perceptual
generative adversarial network is proposed for small object
detection, by minimizing representation difference between
small objects and normal size objects.
Several obstacle detection approaches [23]–[25] are proposed to detect potentially hazardous objects on the road.
In [23], a stereo vision based method is proposed to detect
obstacles on the road. In [25], a multi-stage MergeNet is
proposed to detect obstacles, in which each stage tackles
a different task. The output feature maps from each stage
are later merged and used for the obstacle detection. Several
RGB-D semantic segmentation approaches are also proposed.
In [35], a context-aware receptive field (CaRF) is proposed to
improve the segmentation performance. The CaRF provides
better control over the relevant contextual information of the
learned features, leading to a more focused domain which is
easier to learn. In [36], a feature transformation network is
proposed to improve the segmentation performance and bridge
the convolutional networks and deconvolutional networks by
discovering common features between RGB images and depth
maps. However, our work on small object segmentation is
different from their works in task and usage, not to mention
that the training of the models usually requires additional depth
map/stereo images.

2645

Fig. 3. An illustration of proposed ISBMetric of (a) ground-truth segmentation of an image, and (b-c) two sample segmentation results of the image.
Below each segmentation are the corresponding ISBMetric matrix, ISBMetric
accuracy and segmentation accuracy.

m isb (i, i ) is set to 0 for i = 1, 2, · · · , n c . As the perimeters
of different object classes are usually different, i.e., li = l j if
i = j , the ISBMetric m isb is usually asymmetric.
As shown by an example in Fig. 3(a), a segmentation map
consists of four object classes: 1, 2, 3, 4 with rectangular
outer boundary of dimensions 100 × 100, 25 × 25, 25 × 100,
and 175 × 175 pixels, respectively. The ISBMetric m isb is
calculated as:
•

III. M ETHODOLOGY
A. Overview
The proposed pipeline, as shown in Fig. 2, consists of
two components: the default segmentation network and the
proposed ISBEncoder. Specifically, the default segmentation
network can be any network used for semantic segmentation.
The proposed ISBEncoder takes the prediction from the segmentation network as input, and its output is guided by the
ISBMetric calculated using segmentation ground truth. The
overall pipeline can be trained in an end-to-end fashion.
B. Inter-Class Shared Boundary Metric (ISBMetric)
To evaluate the level of spatial adjacency between each
pair of object classes, we define the ISBMetric m isb as a
n c × n c matrix with n c being the number of object classes,
i.e., segmentation labels. This metric is computed from the
segmentation map s, where s(x, y) ∈ {1, 2, · · · , n c } is the
segmentation-class label at pixel (x, y).
The value of m isb (i, j ) is the ratio of the length of the
boundary shared by the i t h and the j t h object classes to the
i t h object class’ perimeter. Let li denote the i t h object class’
perimeter, and let li j denote the length of the shared boundary
between the i t h and j t h object classes. The (i, j )-th element in
l
the ISBMetric is m isb (i, j ) = liij , while the value of ( j, i )-th
element in the ISBMetric is m isb ( j, i ) =

li j
lj

. The value of

•

•

•

The perimeter of segmented object 1 is 100×4+25×4 =
500 (combined outer and inner boundaries). The lengths
of the boundaries shared by objects 1 and 2, shared
by objects 1 and 3, and shared by objects 1 and 4 are
100, 100 and 300, respectively. The first row of the m isb
is [0, 15 , 15 , 35 ].
The perimeter of segmented object 2 is 100, and object 2
is fully enclosed by object 1 and is not adjacent to
objects 3 and 4. The length of the boundaries shared
by objects 1 and 2 is 100. The second row of the m isb
is [1, 0, 0, 0].
The perimeter of segmented object 3 is 250. The object 3
is not adjacent to object 2. The lengths of boundaries
shared by objects 1 and 3, and shared by object 3 and 4
are 100 and 150. The third row of the m isb is [ 25 , 0, 0, 35 ].
The perimeter of segmented object 4 is 1, 150. The
object 4 is not adjacent to object 2. The lengths of
boundaries shared by objects 1 and 4, and shared by
objects 3 and 4 are 300 and 150. The fourth row of the
6
3
, 0, 23
, 0].
m isb is [ 23

When both the spatial adjacency between the object classes
and object size are changed, as illustrated in Fig. 3(b) – rightshift the object 3 by 1 pixel and enlarge the object 2 to
a size of 50 × 50, ISBMetric m isb will be changed as
follow:
•

The perimeter of segmented object 1 is changed to 600.
The objects 1 and 3 are no longer adjacent, and the length
of the boundaries shared by them is changed to 0. The
first row of the m isb is changed to [0, 13 , 0, 23 ].
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Fig. 4.

An illustration of the proposed ISBEncoder architecture.

•

The object 2 is still enclosed by object 1. Although the
object 2 is enlarged to a size of 50 × 50, the second row
of the m isb is still [1, 0, 0, 0].
• The object 3 is not adjacent to objects 1 and 2, and is
fully enclosed by object 4. The third row of the m isb is
changed to [0, 0, 0, 1].
• The perimeter of segmented object 4 is changed to 1, 350.
8
5
, 0, 27
, 0].
The fourth row of the m isb is changed to [ 27
We can see that the proposed ISBMetric is highly sensitive
to the spatial adjacency changes of objects but is very robust
against the object size induced biases, e.g., the value of this
metric does not rely much on the object size. This way,
the small object classes can contribute more to the segmentation loss, which helps improve the segmentation accuracy of
the small object classes. We adopt the 4-connectivity neighboring system to measure the boundaries of object classes, where
the 4-connectivity neighboring system [37] is defined regarding pixel neighborhoods. For a pixel at (x, y), a 4-connectivity
neighboring {(x − 1, y), (x + 1, y), (x, y − 1), (x, y + 1)}
contains only the pixels above, below, to the left and to
the right of the center pixel (x, y). The boundary length is
calculated considering the boundary pixel’s 4 neighbors.
C. Rationale of the ISBMetric Based Encoder (ISBEncoder)
The ISBMetric is calculated based on the prediction from
the segmentation network. For a 3 × h × w input RGB image,
the prediction of the segmentation network is a n c × h × w
matrix. Each pixel in the prediction map contains a set of
probabilities of this pixel being in class c ∈ {1, · · · , n c }.
One obstacle towards implementing the proposed ISBMetric
is that, in the training phase, it first needs to convert the
predicted set of probabilities to a discrete class label, such that
each pixel only has one class label. This way, the boundaries
of the classes can be determined.
Let s pred (c, x, y) denote the probability of the ct h class at
pixel (x, y). The discrete-class label of pixel (x, y) is determined by the index of the maximum value of the predicted
class probabilities:
c∗ = arg max s pred (c, x, y),
c∈{1,··· ,n c }

(1)

where c∗ denotes the index of the maximum value.
Using gradient descent based optimization approach for
network parameters updating, the partial derivative of the forward propagation function w.r.t the network parameters must

exist [38]. However, the derivative of the Eq. (1) w.r.t the index
c ∈ {1, · · · , n c } does not exist [39]. Therefore, the partial
derivatives of the ISBMetric loss w.r.t. the associated network
parameters cannot be retrieved. As a result, we cannot directly
employ the ISBMetric to the network.
To circumvent this dilemma, we train a separate network
to simulate the calculation of the proposed ISBMetric by
taking s pred as the input. The ISBEncoder works as an addon component to the segmentation network, which aims to
calculate the ISBMetric m isb using the predictions (before the
loss layer) from the segmentation network, i.e., the ISBEncoder extends the original segmentation network by adding a
sub-network to perform a new task – ISBMetric estimation.
pred
gt
The loss between m isb and m isb affects the parameter tuning
pred
in the segmentation network. As the loss between the m isb
gt
and m isb highlights the small object classes, the segmentation
network would be forced to put more emphasis on correctly
segmenting the small object classes.
D. ISBEncoder Architecture
The ISBEncoder network architecture is modified from the
VGG-16 [8] network. The ISBEncoder takes the n c -channel
prediction from the segmentation network as input. This is
1 
2
followed by a series of three convolution blocks (,
3
and ),
as denoted in dashed brown boxes in Fig. 4, one
bottleneck layer [11], and three fully connected layers. The
detailed layer-wise settings are reported in Table I.
All convolutional layers in the ISBEncoder are followed
by the Rectified Linear Unit (ReLU) non-linear activation
layer to introduce element-wise non-linearity [40]. To reduce
the feature dimensions, alleviate the memory demand and
accelerate the training process [11], we introduce a bottleneck
layer using 1×1 convolution kernel with stride 1 and padding 0
3 Three fully-connected
after the third convolutional block ().
layers are applied after the bottleneck layer: the first two
have 4, 096 channels each, the third performs n c × n c -way
ISBMetric prediction and thus outputs n c × n c channels
(one for each element in the ISBMetric m isb ).
In training, the weights of the kernels in the three
1 
2 and )
3
are initialized from
convolutional blocks (,
the VGG-16 net. The weights of bottleneck layer and
fully-connected layers are initialized using Xavier initialization [41]. The output of the third fully-connected layer is then
reshaped to a n c × n c matrix to match the dimension of the
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TABLE I
D ETAILED C ONFIGURATION OF THE P ROPOSED ISBE NCODER
A RCHITECTURE . W E U SE THE I MAGE S IZE
OF 360 × 480 FOR D EMONSTRATION

ground truth ISBMetric. The last layer is the mean-square error
loss layer, which is used to calculate the distances between
the predicted ISBMetric and the ground truth ISBMetric. The
experimental evaluation of the ISBEncoder will be reported in
Sections IV-C.2 and IV-C.3.
E. The Overall Pipeline
In the phase of pipeline training, the pipeline weights are
optimized based on 1) segmentation loss and 2) ISBEncoder
loss. For the segmentation network, we follow [14] and adopt
the sigmoid cross-entropy loss for training:
Lseg

nc 
h 
w
 gt
−1 
s (c, x, y) log s pred (c, x, y)
=
nc · h · w
c=1 y=1 x=1

+ (1 − s gt (c, x, y)) log(1 − s pred (c, x, y) , (2)

where s gt (c, x, y) denote the ground truth (0 or 1) of class c
at pixel (x, y). For the ISBEncoder, we use mean square
error (MSE) loss for training:
Lisb

nc 
nc 
2
1 
pred
gt
=
m isb (i, j ) − m isb (i, j ) ,
nc · nc

(3)

i=1 j =1

pred

gt

where m isb and m isb are the predicted and ground truth
ISBMetric matrices, respectively. Then, the overall loss combines segmentation network loss and the ISBEncoder loss:
L = Lseg + λLisb ,

(4)

where λ is a balance coefficient. The empirical selection
of λ is discussed in Section IV-C. The proposed pipeline is
trained in an end-to-end fashion.

In total, there are 11 semantic classes that are pixel-level
annotated. The resolution of the images is 360 × 480.
Based on the object size [22], we denote sign symbol,
pedestrian, pole, bicyclist as small-object classes. All the
other 7 object classes are denoted as large-object classes.
The CityScapes dataset [31] is a recently released dataset
for semantic urban street scene understanding. The dataset
consists of 5, 000 finely pixel-level annotated images:
2, 975 training images, 500 validate images, and 1, 525 testing images. In total, there are 19 semantic classes. The
resolution of the image is 1, 024 × 2, 048. In addition,
20, 000 coarsely annotated images are provided. In this paper,
we only use finely annotated images for training. Based on
the object size [22], we denote pole, traffic light, traffic sign,
person, rider, motorcycle and bicycle as small-object classes.
All the other 12 object classes are denoted as large-object
classes.
For CamVid dataset, the ground-truth segmentation maps
for the training, validation, and testing are given. For the
CityScapes dataset, the ground-truth segmentation maps for
the training and validation datasets are given while the groundtruth segmentations for the testing dataset are hidden for the
user. The testing results of the CityScapes dataset are obtained
via on-line submissions.
The metrics used for segmentation performance evaluation in this paper are: Class intersection over union (IoU),
mean intersection over union (mIoU), mean small-object class
intersection over union (mIoU S ), and mean large-object class
intersection over union (mIoU L ).
B. Implementation Details
The proposed method is implemented using Caffe1 based
SegNet,2 PyTorch3 based FCN,4 GCN,5 DLA,6 and Tensorflow7 based DeepLab8 and PSPNet9 with Intel Core i7 6700K,
and with NVIDIA 1080 Ti GPU with mini-batch Stochastic
Gradient Descent (SGD).
The overall pipeline consists of two components: 1) Segmentation network, 2) ISBEncoder. The segmentation network
weights are initialized from their pre-trained models. The
segmentation network and ISBEncoder are jointly trained
using SGD with momentum of 0.9, weight decay of 0.0001
and adaptive learning rates. The mini-batch size is 3 when
using the CamVid dataset for the network training, and the
mini-batch size is 1 when using CityScapes dataset for the
network training. We initially set the learning rate as suggested
in [12], [14]–[16], and [18]. We use the “poly” learning rate
policy
[17], where
 power the initial learning rate is multiplied by

it er
with power = 0.9 [18]. The number
1 − max_it er

A. Datasets & Evaluation Metric

1 http://caffe.berkeleyvision.org/
2 https://github.com/alexgkendall/caffe-segnet
3 https://github.com/pytorch
4 https://github.com/wkentaro/pytorch-fcn

The CamVid dataset [30] is a road scene segmentation
dataset which is of practical interest for various autonomous
driving related problems. The dataset consists of 367 training
images, 100 validation images, and 233 testing images.

5 https://github.com/zijundeng/pytorch-semantic-segmentation
6 https://github.com/ucbdrive/dla
7 https://www.tensorflow.org/
8 https://github.com/tensorflow/models/tree/master/research/deeplab
9 https://github.com/holyseven/PSPNet-TF-Reproduce

IV. E XPERIMENTS
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TABLE II
T HE C OMPARISON R ESULTS OF S MALL O BJECT C LASSES (L EFT ) AND L ARGE O BJECT C LASSES (R IGHT ) ON C AM V ID T ESTING D ATASET
( IN P ERCENTAGE ). F OR E ACH O BJECT C LASS , THE N UMBERS W ITH B ETTER AND THE B EST P ERFORMANCE
A RE H IGHLIGHTED IN B LUE AND R ED , R ESPECTIVELY

of overall training iterations is 20k for both CamVid and
CityScapes datasets.
C. Experimental Results and Discussion
1) Comparisons to Baselines and Existing Methods: To
demonstrate the effectiveness of the proposed method, we evaluate the proposed method using the baseline segmentation
networks with spatial pyramid pooling-based architecture
(e.g., FCN-8s [14], SegNet [15], GCN [16], PSPNet [18], and
DeepLabV3 [12]), and the baseline segmentation network with
feature pyramid network-based architecture (e.g., DLA [42]).
For CamVid dataset, three baseline segmentation networks
– FCN-8s, SegNet, and DLA – are trained and evaluated.
For CityScapes dataset, five baseline segmentation networks –
FCN-8s, GCN, PSPNet, DeepLabV3, and DLA are trained and
evaluated. The proposed pipeline is also compared with several
existing segmentation methods: ALE [43], SuperParsing [44],
Liu & He [45], Deeplab-LFOV [17], and FoveaNet [13].
Using CamVid dataset for evaluation, the quantitative results
are shown in Table II. We observe that by employing the
proposed ISBEncoder to the baseline segmentation network,
the IoU scores of the small objects classes can be significantly improved when comparing to the settings without
the ISBEncoder. Combining the ISBEncoder to the SegNet,
FCN-8s, and DLA baseline segmentation networks, it shows
3.6%, 5.5% and 1.7% improvements for small-object classes
(mIoU S ), respectively. It also shows 1.2%, 2.0% and 0.2%
improvements for large-object classes (mIoU L ) using the
SegNet, FCN-8s, and DLA respectively. The overall mIoU
improvements are 2.0% for SegNet, 3.3% for FCN-8s, and
0.7% for DLA.
Using CityScapes dataset for evaluation, the quantitative
results are shown in Table III. We also observe significant improvements on segmenting small object classes after
employing the ISBEncoder. It shows 3.2%, 3.0%, 2.8%, 1.7%,
and 2.2% improvements for small-object classes (mIoU S )
using FCN-8s, GCN, PSPNet, DeepLab V3, and DLA,
respectively. It shows 1.6%, 0.3%, 0.3%, 0.03%, and 0.04%
improvements for large-object classes (mIoU L ) using FCN-8s,
GCN, PSPNet, DeepLab V3, and DLA, respectively. The

overall mIoU improvements by including ISBEncoder are
2.2% for FCN-8s, 1.3% for GCN, 1.3% for PSPNet, 0.7%
for DeepLab V3, and 0.8% for DLA.
To demonstrate the effectiveness of the proposed ISBMetric,
we conduct an additional experiment using the weighted loss
function whose weights are based on the ISBMetric. The
conventional weighted loss function used in semantic segmentation, e.g., weighted sigmoid cross-entropy loss, requires a
single value as the weight for each object class. However,
the weight for each object class in ISBMetric is a row vector,
which makes it difficult to be directly applied to the weighted
loss function. Alternatively, as each row in the ISBMetric is
associated with an object class, we calculate the row-wise
MSE between the ISBMetric of the segmentation prediction
and the ISBMetric ground-truth, and use the calculated rowwise Mean Square Error (row-wise MSE) to weigh each object
class in the segmentation loss function (weighted sigmoid
cross-entropy loss). In the experiment, we first calculate the
ISBMetric using the segmentation predictions. Then, we calpred
gt
culate the row-wise MSE based on m isb and m isb , and use
the calculated row-wise MSE as the weight of the object
class to train the segmentation network. Experimental results
are shown in Tables II and III, in which “ISBMetric-w”
denotes the method uses the ISBMetric based weighted
loss function. Using CamVid testing dataset for evaluation,
the experimental results demonstrate that weighing the object
classes using the row-wise MSE of the ISBMetric shows 2.5%,
5.1%, and 1.3% mIoUS improvements, and 1.0%, 2.3%, and
0.4% mIoU improvements for the SegNet, FCN-8s, and DLA,
respectively. Using CityScapes testing dataset for evaluation,
it shows shows 2.5%, 2.2%, 2.2%, 1.3%, and 1.6% mIoUS
improvements, and 1.6%, 0.8%, 0.9%, 0.3%, and 0.4% mIoU
improvements for the FCN-8s, GCN, PSPNet, DeepLab v3,
and DLA, respectively. In comparison to the proposed method,
the segmentation performance of small object classes when
using the ISBMetric based weighted loss function is better than
the baselines but is slightly worse than the proposed method.
To visually demonstrate the effectiveness of the proposed
ISBEncoder, we provide representative segmentation results of
FCN-8s and PSPNet with or without ISBEncoder on CamVid
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TABLE III
T HE C OMPARISON R ESULTS OF S MALL O BJECT C LASSES (T OP ) AND L ARGE O BJECT C LASSES (B OTTOM ) ON C ITY S CAPES T ESTING
D ATASET ( IN P ERCENTAGE ). F OR E ACH O BJECT C LASS , THE N UMBERS W ITH B ETTER AND THE B EST
P ERFORMANCE A RE H IGHLIGHTED IN B LUE AND R ED , R ESPECTIVELY

and CityScapes datasets in Fig. 5. For small-object classes,
we find that the regions segmented using ISBEncoder are
more accurate, e.g., the poles, sign symbols and person,
indicated by dashed rectangles, which are insufficiently segmented or totally missing when using the baseline method.
By employing proposed ISBEncoder to the baseline segmentation network, it can better capture the missing components
and render more accurate segmentation results.
2) Evaluation of the ISBEncoder Accuracy: We conduct
three experiments to evaluate how accurate the ISBEncoder
can simulate the ISBMetric matrix calculation: 1) We use the
pred
segmentation ground truth s gt as the input. The output m isb
gt
is then compared to the m isb . 2) We first convert the prediction
map s pred , which is generated from the segmentation network,
to its discrete map s disc using Eq. (1). And then, we follow
the same procedures described in Section III-B to calculate
the m disc
isb using the discrete map. We also use the converted
discrete map as the input of the ISBEncoder, and compare
pred
the output m isb to the ISBMetric m disc
isb . 3) We directly use
the prediction map s pred as the input of the ISBEncoder. The
pred
output m isb is then compared to the ISBMetric m disc
isb .

To evaluate the accuracy of the ISBEncoder, we use
Eq. (3) to calculate the mean square error between the
ISBMetric matrix predicted using the ISBEncoder and the
ISBMetric matrix calculated using the procedures described
pred
gt
in Section III-B. A sample m isb and m isb are illustrated
in Fig. 6. As shown in Table IV, using 1) the segmentation
ground truth maps, 2) the discrete maps, and 3) the segmentation prediction maps as the inputs of the ISBEncoder, the mean
square errors of the small object classes (MSE S ), the large
object classes (MSE L ), and all classes (MSE) are all very
small.
To evaluate the performance of the ISBEncoder in handling
the object translation in the image, we conduct an experiment
on a synthetic 2D shapes dataset [46]. Particularly, the synthetic dataset contains three objects of different shapes: Circle,
square, and triangles.10 There are 20, 000 paired images for
training and 500 for testing. In each paired images, the same
shapes are of the same size and color but of different locations
and occlusions. In the images of different pairs, the sizes of the
10 http://visualdynamics.csail.mit.edu/
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Fig. 5. Examples of semantic segmentation results on CamVID (left) and CityScapes (right) validation datasets. For visualization purpose, the ground-truth
segmentation is superimposed to the input image, and the dashed rectangles are enlarged for highlighting improvements.

TABLE IV
T HE ISBE NCODER M EAN S QUARE E RRORS OF THE S MALL O BJECT
C LASSES (MSE S ), THE L ARGE O BJECT C LASSES (MSE L ), AND
A LL C LASSES (MSE) ON C AM V ID AND
C ITY S CAPES T ESTING D ATASETS

same shapes are chosen randomly. We train the whole pipeline
using the synthetic dataset. Quantitatively, we calculate the
pred
gt
MSE between m isb and m isb for each images, it yields
a mean MSE2D = 1.64 × 10−5 . The experimental results
show that the mean MSE2D is very small. As the predicted
pred
gt
m isb is consistent with the ground-truth m isb , we conclude
that the proposed ISBEncoder can accurately capture location
variations.
3) Impact of the ISBEncoder: To evaluate the impact of
the ISBEncoder, we first conduct experiments using different
hyper-parameter values λ ∈ {0, 1, 2, 4, 8, 16}. Secondly,

we qualitatively evaluate the feature map with or without
the ISBEncoder. Thirdly, we demonstrate the impact of the
ISBEncoder during network training.
Firstly, from the results shown in Tables V and VI, for small
object classes, we find that, by increasing λ, the segmentation
accuracy first increases to a maximum value and then slightly
decrease. This can also be observed in Fig. 5, where the ability
of predicting small objects is first boosted along with increased
λ by weighting more on the ISBMetric loss. However, further
increasing λ will cause a possible increase in false positives.
For example, in the second column of Fig. 5, the poles in
the white dashed-rectangle are insufficiently segmented by the
baseline segmentation network. By increasing λ (from 1 to 4),
the network shows an improved performance on capturing
more pole pixels. However, keep increasing λ (from 8 to 16),
the network mistakenly classify the pixels around the poles
in the building as poles, such that the poles become visually
thicker as λ increases.
Secondly, we demonstrate the impact of the ISBEncoder
by visualizing a sample feature map (after “conv6”/the last
convolutional layer in the PSPNet) using a sample training
image from the CityScapes dataset. As shown in Fig. 7(c),
most of the small objects are not highlighted in the feature
map when using the baseline segmentation network. Whereas,
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TABLE V
T HE C OMPARISON R ESULTS OF S MALL O BJECT C LASSES (L EFT ) AND L ARGE O BJECT C LASSES (R IGHT ) U SING THE P ROPOSED P IPELINE W ITH
D IFFERENT H YPERPARAMETER λ ( IN E Q . (4)) ON C AM V ID T ESTING D ATASET ( IN P ERCENTAGE ). T HE BASELINE S EGMENTATION
N ETWORK IS FCN-8 S . F OR E ACH O BJECT C LASS , THE N UMBERS W ITH THE B EST P ERFORMANCE A RE H IGHLIGHTED IN R ED

TABLE VI
T HE C OMPARISON R ESULTS OF S MALL O BJECT C LASSES (T OP ) AND L ARGE O BJECT C LASSES (B OTTOM ) U SING P ROPOSED P IPELINE W ITH D IFFERENT
H YPER -PARAMETER λ ( IN E Q . (4)) ON C ITY S CAPES T ESTING D ATASET ( IN P ERCENTAGE ). T HE BASELINE S EGMENTATION N ETWORK I S PSPN ET.
F OR E ACH O BJECT C LASS , THE N UMBERS W ITH THE B EST P ERFORMANCE A RE H IGHLIGHTED IN R ED

pred

Fig. 6. An illustration of the predicted ISBMetric m isb and the ground
gt
truth ISBMetric m isb of a sample image from CityScapes training dataset.
The intensity of the colorbar denotes the value. (a) Input Image. (b) Ground
pred
gt
Truth. (c) Predicted ISBMetric (m isb ). (d) Ground Truth ISBMetric (m isb ).

Fig. 7. An illustration of the impact of the proposed ISBEncoder on the
feature map after the “conv6”/the last convolutional layer in the PSPNet.
The input image is from the CityScapes training dataset. (a) Input.
(b) Ground Truth. (c) Feature Map Without ISBEncoder. (d) Feature Map
With ISBEncoder.

as shown in Fig. 7(d), the small objects are better highlighted
in the feature map when employing the ISBEncoder to the
segmentation network.

Fig. 8. (a) The mIoU of large object classes, overall classes, and small
object classes over 20k training iterations on CityScapes training dataset
(in percentage). (b) The mean square error (MSE) loss of ISBEncoder over
20k training iterations. The baseline segmentation network is PSPNet.

Thirdly, we demonstrate impact of the ISBEncoder during
training. The ISBEncoder convergence is shown in Fig. 8, from
which we can see that mIoU S and mIoU L are improved with
the increase of iterations. The ISBEncoder MSE loss is converged after 8k iterations. We observe that the improvement of
mIoU S is more significant, while the improvement of mIoU L
is smaller. In summary, both qualitative and quantitative results
verify that the proposed ISBEncoder can effectively improve
the segmentation accuracy of small objects.
V. C ONCLUSION
This paper proposed an ISBMetric to measure the level of
spatial adjacency between each pair of object classes, and
proposed an ISBEncoder to enforce the ISBMetric in the
segmentation of urban street scene. Based on the experiment
results, the proposed method can substantially improve the
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segmentation accuracy of small objects, as well as improve
the overall segmentation performance. The proposed ISBMetric is evaluated based on FCN-8s, SegNet, GCN, PSPNet,
DeepLab V3, and DLA networks on CamVid and CityScapes
datasets. Moreover, the proposed ISBEncoder can be easily combined to many state-of-the-art segmentation networks
without adding extra time or cost in deployment.
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