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ABSTRACT

Recently, exploring multiple feature maps from different
layers in fully convolutional networks (FCNs) has gained sub-
stantial attention to capture context information for semantic
segmentation. This paper presents a novel encoder-decoder
architecture, called dense deconvolutional network (DDN),
for semantic segmentation, where the feature maps of deep-
er convolutional layers are densely upsampled for the shal-
low deconvolutional layers. The proposed DDN is trainable
end-to-end, and allows us to fully investigate multiple scale
context cues embedded in images. The experimental results
show that our DDN outperforms previous FCNs and encoder-
decoder networks (EDNs) on PASCAL VOC 2012 dataset.

Index Terms— Semantic Segmentation, Dense Deconvo-
lutional Network, EDNs, FCNs

1. INTRODUCTION

The recent years have witnessed the substantial progress of
image semantic segmentation using fully convolutional net-
works (FCNs) [1, 2, 3, 4]. The representation power of FCNs
leads to the successful results: a combination of feature de-
scriptors extracted from FCNs are complementing each other
to enhance segmentation performance [1, 3], and this simple
off-the-shelf classifiers works very well for dense prediction
problems [5, 6, 7, 8]. Although achieving promising results,
the FCNs suffer from a couple of critical limitations. Firstly,
due to the consecutive pooling or convolution striding at suc-
cessive layers, the spatial resolution is significantly reduced in
feature maps. This invariance to local image transformation
may be harmful for dense prediction tasks, where detailed s-
patial information is often required to delineate object shapes
and boundaries [2, 4]. Secondly, the existence of objects tend
to be with multiple scales. However, the receptive field of
previous FCNs is not adaptive, leading to the problem that
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Fig. 1. Comparison of encoder-decoder architecture (a) and
our dense deconvolution decoder structure (b) to capture mul-
tiple scale context. (Best viewed in color)

objects substantially larger or smaller than the receptive field
may be fragmented or incorrectly classified [2, 9, 10].

In order to overcome these two challenges, the encoder-
decoder network (EDN) and its variants are proposed in re-
cent literature [9, 10, 11, 12, 13]. As illustrated in Figure
1(a), the EDN consists of two parts. The encoder gradually
reduces the spatial dimension of feature maps, and thus wide
scale context cues are more easily captured in the deeper layer
output. Conversely, the decoder progressively increases spa-
tial dimension to recover object details using upsampling and
deconvolution. For instance, [1, 10] employ deconvolution
to learn the upsampling of low resolution feature responses.
SegNet [9] reuses the recorded pooling indices from the en-
coder to upsample feature maps, and learns extra deconvolu-
tional layers to densify the feature responses. Through adding
skip connections, U-Net [11] introduces an elegant symmetric
network architecture, which concatenates feature maps from
the encoder side to the corresponding decoder activations. In
[12], the authors employ a Laplacian pyramid reconstruction
network, where the shallow feature maps are utilized to suc-
cessively refine segment boundaries reconstructed from deep-
er feature maps. More recently, RefineNets [13, 14, 15, 16]
have been also demonstrated that the encoder-decoder struc-
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ture is very effective on several semantic segmentation bench-
marks [17, 18]. However, the EDNs still suffer from the fol-
lowing shortcomings. Although pooling indices are recorded
to perform upsampling, the remaining elements are padded as
zero, which may induce noise to the forthcoming deconvolu-
tion. In addition, the EDNs have a pre-defined fixed structure,
where the skip connections are only constructed between the
convolutional layer and its deconvolution counterpart, result-
ing in the fact that contextual cues are not fully investigated.

In this paper, we introduce a novel encoder-decoder archi-
tecture based on U-net [11] for semantic segmentation, called
dense deconvolution network (DDN). As illustrated in Fig-
ure 1(b), our DDN harvests and concatenates different scale
representations in encoder to form the feature representation
in decoder, which carries both local and global context in-
formation. Specifically, for one specific deconvolution fea-
ture representation, it is first concatenated with feature maps
densely upsampled from deeper convolutional layers in en-
coder (denoted as colored arrows in Figure 1(b)), and then
supplemented with its counterpart (denoted as black arrows
in Figure 1(b)). Compared with traditional EDNs, the pro-
posed DDN has two major contributions:

• Instead of using switch variables to record pooling in-
dices [9, 10], the feature maps of encoder are concate-
nated to the counterpart of decoder, avoiding the unnec-
essary padding operation.

• The stacked feature maps are complementing each oth-
er, allowing us to fully explore multiple scale contextual
information embedded in images.

We evaluated our DDN on popular benchmark [17], and
the experimental results show the superior performance of our
DDN for semantic segmentation without any postprocessing.

2. THE APPROACH

This section first elaborates on the architecture details of our
DDN, and then introduces the learning scheme of our DDN.

2.1. The architecture detail of DDN

Figure 2 shows the detailed architecture of the entire DDN.
Similar to previous EDNs [9, 10, 11], our DDN is also com-
posed of two parts: convolutional network and deconvolu-
tional network, which include five basic components: convo-
lution, rectified linear unit (ReLU), duplication, max pooling
and deconvolution. The convolutional network corresponds
to feature extractor that transforms the input image to multi-
ple scale dimensional feature representation. On the contrary,
the deconvolutional networks delineate shape boundaries that
output object segmentation from the convolution feature maps
produced from convolutional network. The final output of our
DDN is a 21-dimensional probability map with the same size

256 256

512 512 1024 512

2561024

1024 128

1024

1024

Input image Conv+Relu
Duplication Deconv 2×2 Deconv 4×4 Deconv 8×8

Soft max 1×1

Max pool 
stride 2×2

Up-Conv 
stride 2×2

Duplication Up-Conv 2×2 Up-Conv 4×4 Up-Conv 8×8

Fig. 2. Overall architecture of the proposed DDN. On top
of the network based on U-net [11], we construct dense skip
connections from encoder to decoder, producing the delineat-
ed segmentation map of an input image. Note the numbers of
feature channels are marked on the top of each convolutional
and deconvolutional layer. (Best viewed in color)

of input image, indicating probability of each pixel belonging
to one of the predefined 20 classes or to the background.

More specifically, in the convolutional network, we bor-
row the network architecture widely used in FCN-based ar-
chitecture [1, 2]. Unlike previous U-net [11] that employs un-
padded convolution, our DDN consists of the repeated padded
convolution with two 3 × 3 filter kernels, each followed by
a ReLU and a 2 × 2 max pooling operation with stride 2 for
downsampling. The padding operation introduces small noise
before convolution, but will results in the segmentation out-
puts with the same resolution of input image, which is bene-
ficial for dense estimation problem. Notice at each downsam-
pling step, we double the number of feature channels. Since
the spatial information is significantly lost with going deeper
of network, it is very hard to recover small objects from con-
volutional feature maps with lowest resolution. Therefore, the
final pooling layers and the following convolutional layers are
removed in our convolutional network.

On the other hand, the deconvolutional network contains
a series of deconvolutional layers, which include three steps:
upsampling, concatenation and convolution. In each decon-
volutional layer, the feature maps are first enlarged using a
2× 2 upsampling (“up-convolution”), which halves the num-
ber of feature channels (denoted as green arrows in Figure
2). In concatenation step, unlike previous EDNs that directly
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duplicate feature maps in encoder [11, 13], our DDN stacks
feature representation from deeper convolutional layers (de-
noted as colored arrows in Figure 2), and the correspondingly
counterpart (denoted as black arrows in Figure 2) in the con-
volutional network. The integrated feature maps allow us to
fully explore multiple scale context cues. Notice the feature
maps within deeper convolutional layers have to be expanded
with different upsampled ratio, resulting in feature represen-
tation of equal dimension for stacking. Finally, the concate-
nated feature maps, carrying both local and global context,
are fed into two 3 × 3 convolutions, each followed by a Re-
LU. At the final layer, a 1×1 convolution is used to map each
64-component feature vector to the desired number of classes.

2.2. Training DDN

In this section, we first introduce batch normalization, which
is widely used for network training. Then a two-stage scheme
is adopted to train our network since our DDN is very deep
(nearly twice deeper than [1, 2]).

Batch Normalization. According to [19], it is very hard
to train a deep neural network due to the internal-covariate-
shift problem. Since the parameters of previous layers have
been updated, the distributions of filter responses in curren-
t layer change in the process of iterative training. This is not
beneficial for optimizing our DDN since such changes may be
amplified through back propagation across layers. As a result,
a batch normalization layer is added to the output of every
layer, where the filter responses are normalized to a standard
Gaussian distribution, whether in convolutional or deconvolu-
tional network. In the experiments, we observe that the batch
normalization is critical to optimize our network, which helps
our training algorithm to straggle from poor local optimum.

Two-stage training. Although batch normalization helps
us to escape from local optima, the solution space for seman-
tic segmentation is still very large, leading to the disadvantage
that the benefit of our DDN might be cancelled. Therefore, we
employ a two-stage training scheme to address this issue. In
the first stage, we initialize the convolutional network with the
weights pre-trained on ILSVRC dataset [20], and the weights
in the deconvolutional network with zero-mean Gaussians. In
the second stage, we fine-tune the trained network based on
PASCAL VOC dataset [17]. In our DNN, a dense pixel-wise
soft-max is adopted as objective function to evaluate segmen-
tation estimation with respect to the associated ground truth:

pk(x) =
exp{ak(x)}∑K
k′ exp{ak′(x)}

(1)

where K is the total number of object categories, and ak(x)
denotes the activation for kth category at the pixel position
x. Note pk(x) is a approximated maximum function, where
pk(x) ≈ 1 for the category that has the maximum activation
ak(x), and pk(x) ≈ 0 for the remaining classes.

3. EXPERIMENTS

3.1. Implementation Details

Dataset. We evaluate our DDN on PASCAL VOC 2012
dataset [17], which is a very popular benchmark for semantic
segmentation. This dataset contains 21 object categories (20
foreground categories and one additional background class).
The original dataset includes 1,464 (train), 1,449 (val), and
1,456 (test) images for training, validation, and testing, re-
spectively, where the images of training and validation set
have per pixel-level annotations. For training, we use the
extra augmented segmentation annotations from [21], which
includes 10582 training and validation images. The remain-
ing 1456 test images are used to evaluate the performance of
our DDN. Following [1, 4, 10], the performance is measured
in terms of mean pixel intersection-over-union (mIOU) aver-
aged across all 21 categories. Note that only the augmented
images are used to train our DDN, the performance can be
further improved using Microsoft COCO dataset as well as
some state-of-the-art approaches [22, 23] do.
Baselines. To show the advantages of our approach, we s-
elected 4 state-of-the-art models as baselines. Experimental
results of some baseline models are produced using default
parameter settings given by the authors, while others are di-
rectly taken from the literature. All the baselines are divided
into two categories: (1) FCN-based models, including FCN-
8s [1] and DeepLab [2]; (2) EDN-based models, including
LDN [10] and SegNet [9].
Parameter settings. The entire DDN is implemented based
on Caffe framework [24]. The input images and the corre-
sponding pixel-wised annotated ground truth are used to train
the network using the stochastic gradient descent algorithm
[25]. In order to make full use of the GPU memory, we favor
a large batch size (set as 14) to train batch normalization pa-
rameters, where initial learning rate, momentum and weight
decay are set to 0.001, 0.99 and 0.0005, respectively.
Learning rate policy. Following [2, 26], we employ a “poly”
learning rate policy where the initial learning rate is multi-
plied by (1− iter

maxiter
)power with power = 0.9.

3.2. Evaluation Results on Pascal VOC

In Table 1, we compare our results on the testing set with pre-
vious works. Compared to FCN-based [1, 2] and EDN-based
[9, 10] architecture, our DDN achieves best performance with
74.4% mIOU accuracy, and best scores on 14 out of the 20
classes. It is intriguing that our approach is superior to the
existing methods [2, 10] that employ CRF as post-processing
to further improve performance. This indicates our DDN is
able to capture wide scale context information.

Figure 3 shows the qualitative results on the PASCAL
VOC 2012 validation set. It is evident that, compared with
baseline models, our method produces more detailed segmen-
tation outputs with accurate object shapes and boundaries,
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Table 1. Individual category results on the PASCAL VOC 2012 test set in terms of mIOU scores. The bold number indicates
the best performance among all approaches for each category.

Method aero bike bird boat bottle bus car cat chair cow table dog horse mbk person plant sheep sofa train tv mIOU

FCN-8s [1] 76.8 34.2 68.9 49.4 60.3 75.3 74.7 77.6 21.4 62.5 46.8 71.8 63.9 76.5 73.9 45.2 72.4 37.4 70.9 55.1 62.2
DeepLab [2] 84.4 54.5 81.5 63.6 65.9 85.1 79.1 83.4 30.7 74.1 59.8 79.0 76.1 83.2 80.8 59.7 82.2 50.4 73.1 63.7 71.6

SegNet [9] 74.5 30.6 61.4 50.8 49.8 76.2 64.3 69.7 23.8 60.8 54.7 62.0 66.4 70.2 74.1 37.5 63.7 40.6 67.8 53.0 59.1
LDN [10] 89.9 39.3 79.7 63.9 68.2 87.4 81.2 86.1 28.5 77.0 62.0 79.0 80.3 83.6 80.2 58.8 83.4 54.3 80.7 65.0 72.5

Ours 90.1 55.0 88.4 68.1 69.4 88.0 82.1 84.8 32.3 78.2 64.1 80.9 79.3 86.1 81.5 58.3 82.1 53.2 77.1 69.8 74.4

Fig. 3. The visual comparison on PASCAL VOC 2012 val dataset. From top to bottom are original images, the corresponding
ground truth, segmentation outputs from FCN-8s [1], DeepLab [2], SegNet [9], LDN [10], and our DDN. (Best viewed in color)

and efficiently prohibits the effect from clutter background.

4. CONCLUSION AND FUTURE WORK

This paper describes a DDN model, which explores multi-
scale context information for semantic segmentation. Through
constructing dense connections from convolutional network
to deconvolutional network, our DDN provides a more power-
ful representation that combines feature maps with different

receptive fields, allowing us to fully investigate local and
global context cues. The experimental results show that our
DDN outperforms recent FCN and EDN-based state-of-the-
art networks, and demonstrate that our approach can produce
more accurate predictions and delineated segmentation maps
on PASCAL VOC 2012 semantic segmentation dataset.

In the future, we are interested in extending our DDN
model to perform semantic segmentation in spatio-temporal
domain (e.g., video sequence).
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