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Abstract
Roots play a critical role in the functioning of plants. However, it is still challenging to gen-
erate detailed 3D models of thin and complicated plant roots, due to the complexity of the
structure and the limited textures. Limited by the difficulty of realization and inaccessibil-
ity of labeled data for training, few works have been put in exploring this problem using
deep neural networks. To overcome this limitation, this paper presents a structure-from-
motion based deep neural network structure for plant root reconstruction in a self-supervised
manner, which can be applied by mobile phone platforms. In the training process of deep
structure-from-motion, each depth is constrained from the depth map and predicted relative
poses from their adjacent frames captured by the mobile phone cameras, and the LSTM-
based network after CNN for pose estimation is learnt from the ego-motion constraints by
further exploiting the temporal relationship between consecutive frames. IMU unit in the
mobile phone is further utilized to improve the pose estimation network by continuously
updating the correct scales from the gyroscope and accelerometer moment. Our proposed
approach is able to solve the scale ambiguity in recovering the absolute scale of the real
plant roots so that the approach can promote the performance of camera pose estimation
and scene reconstruction jointly. The experimental results on both real plant root dataset
and the rendered synthetic root dataset demonstrate the superior performance of our method
compared with the classical and state-of-the-art learning-based structure-from-motion
methods.
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1 Introduction

Roots are the main conduit for plants interaction with its physical and biological environ-
ment. Roots play a key role in crops and plants to draw nutrients from the soil to survive
and develop [29, 47], and reconstructed 3D root models are able to provide fundamental
evidences for growers and biologists to measure various traits including root length, volu-
metric biomass, and crop growth [8, 9]. However, the plant root system is very complicated,
with a lot of thin and small branches with similar appearance and colors, which is very
difficult to reliably extract unique features and reconstruct them in the 3D model. Recent
approaches focusing on generating 3D shapes from a single image or multiple images [10,
13, 58, 66] benefit from deep learning techniques to enhance the reconstruction accuracy.
The inferred output from these approaches could be expressed as the form of point clouds
[13, 66] or a volume [10, 58]. However, such methods mentioned above heavily rely on
the geometric representation from ground truth 3D models or CAD information, which is
not feasible to scan each object in real applications. Also, though existing methods are able
to deal with normal objects like cars or chairs, they fail to reconstruct plenty of small and
detailed breaches in plant roots.

Multi-modal fusion technique as an import task in computer vision and robotics [53],
which has been explored in a variety of tasks such as path planning, robotics controlling
and video understanding [56, 62, 68]. Leveraging the benefits of each modality sensors,
multi-modal fusion would achieve more robustness and better performance in the entire
framework than applying any one of them alone as each sensor maintains its own limita-
tions. Previous attempts in integrating visual cameras and inertial sensors [7, 26, 31, 32]
enable the mobile devices to provide more accurate pose estimation. Such two sensors
are relatively cheap and portable, thus are widely equipped in mobile devices like mobile
phones. Single Camera is capable to extract pixel-level information from images and use
this information for matching and 3D reconstruction. However, it fails to recover the abso-
lute scale in the 3D world. Also they are not robust for a variety of illumination changes or
high motion scenarios. IMU as a useful device for navigation, it avoids being affected by
the scale ambiguity, but still suffers from accumulated errors and bias. Current approaches
like [7, 31] mainly rely on hand-crafted features and aim to fuse them together either based
on Extended Kalman Filter (EKF) [7] or full smoothers [31]. Different from these works,
we explore to apply a deep neural network to leverage their benefits jointly.

In this paper, we introduce a self-supervised deep structure-from-motion (SfM) based
system with inertial measurement to reconstruct a complete 3D plant root system structure
frommultiple images as input during the real application, as depicted in Fig. 1. We introduce
a novel sensor fusion strategy to incorporate synchronized motion and rotation information
from the raw inertial data of mobile devices. The combination of visual camera and IMU
sensors is able to correct the scale issue of the camera motion estimation in monocular SfM
in real-time. Furthermore, we extend the individual frame’s depth map from the learning-
based SfM network to a complete point cloud using a depth fusion strategy to recover a
completed 3D structure of the root system. Additionally, we contribute both a real IMU-
visual plant root dataset and a virtually rendered dataset to verify the performance and
robustness of our framework and provide a comparison between our framework and state-
of-the-art methods. In summary, the main contributions of this work are listed as follows: 1.
We develop a novel deep structure-from-motion framework to recover a complete 3D point
cloud in a self-supervised manner. 2. We propose a sensor fusion strategy to correct the
scale ambiguity for monocular SfM by the camera and the IMU. 3. We build both real and
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Fig. 1 Overview of overall training framework. Our proposed network takes image sequences as input for
training, and simultaneously refine the intermediate camera motion as well as the depth maps to output a
complete point cloud. IMU measurement is supplied and utilized as an additional input to dynamically refine
the scale from the pose estimation network to provide more accurate estimation

synthetic plant root datasets to verify the 3D reconstruction performance of our framework,
compared with other recent learning-based approaches and traditional SfM methods.

2 Related work

2.1 Classical SfMmethods

Classical structure from motion (SfM) methods refer to a process of 3D reconstruction
and camera pose estimation from multiple ordered or unordered images from different per-
spectives [1, 2, 24, 42, 51]. Those conventional SfM approaches recover the 3D scenes
by incrementally and continuously adding new images to the scene with a process of fea-
ture extraction, feature matching and geometric verification together, followed by refining
the results of reconstruction using RANSAC [17] and bundle adjustment methods [54, 64]
which optimize the global or local structure. The early systems applied to the small scale 3D
reconstruction and camera pose estimation were implemented based on the uncalibrated or
self-calibrated metric reconstruction system [4, 12, 15, 44]. Snavely et al. [50] realized city-
scale 3D SfM reconstruction based on images downloaded from Internet. However, when
more and more cameras are added, this SfM method will be significantly slower. In addi-
tion, the repeated scene structure will produce many wrong matches. Therefore, more large
city-scale SfM reconstruction methods on the basis of [50] have also been developed using
the novel distributed algorithms for feature matching and 3D points’ position estimation,
for saving the computational cost [2, 18, 37, 45, 48, 49, 63, 69]. Especially, Changchang
Wu improved the time complexity of the SfM algorithm to o(n2) compared with o(n4) of
[50] by using a preemptive feature matching strategy and retained high accuracy at the same
time. Other SfM strategies have been proposed including global, hybrid, hierarchical SfM
reconstruction methods. Compared with incremental models producing drift due to cumula-
tive errors, global reconstruction models do not drift as significant as incremental methods
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because of the optimization of the spatial relationship between cameras [27, 38, 61, 73].
However, global optimization usually takes quite long time to accurately reconstruct all the
images. Hybrid reconstruction models combine the advantages of incremental and global
SfM to a certain extent to balance the efficiency and accuracy of reconstructed scenes [11,
72]. Hierarchical reconstruction models attempt to solve the problems of initialization and
drift from incremental models based on hierarchically add new images to reconstruct [14,
20]. However, the existing classical approaches depend on the accurate feature extraction
and matching, which is not always ideal in natural scenes, such as occlusions, few textures,
low illumination, dark and foggy scenes.

2.2 Learning-based reconstruction from images

Recent reconstruction systems applying deep neural networks depend heavily on ground
truth labels to generate 3D models from a single image or multiples images [10, 13, 33,
35, 36, 55, 58, 66]. Choy et al. [10] proposed a 3D Recurrent Reconstruction Neural Net-
work (3D-R2N2) to input one image or multiple viewpoint images of an object and train
a mapping from images to their 3D shapes. Fan et al. [13] took a single arbitrary depth
view as input to reconstruct a full complete 3D occupancy grid of an object using gener-
ative adversarial networks [66]. Ummenhofer et al. [55] train a convolutional network to
formulate structure from motion as a learning problem from successive and unconstrained
image pairs. However, the most significant limitation for the aforementioned data-driven
and offline trained systems is that the ground truth labels are not always available and
feasible in real-world scenarios.

Unsupervised learning networks are also proposed to estimate depth map and/or camera
odometry based on intensity consistency between input image pairs [3, 16, 19, 21, 41, 43,
59, 67, 70]. Among them, the network developed by Zhou et al. [71] firstly learned single-
view depth and ego-motion with a loss calculation of the warp images of the views around
the target jointly. On the basis of this framework, Yin et al. [67] and Zou et al. [74] added
the optical flow map from the real scene to this frame. Yin et al. [67] explored an unsuper-
vised GeoNet framework for simultaneously estimating depth map, optical flow and camera
motion from sequential image frames using a deep CNN network. Similarly, Zou et al.
[74] proposed a DF-Net framework which can simultaneously predict and estimate the
single-view depth and optical flow. Feng et al. [16] proposed to apply a stacked of genera-
tive adversarial network layers to progressively extract lower layers to estimate ego-motion
and higher layers to learn the spatial features. Although these networks displayed good
depth estimation effects, all unsupervised approaches require extra sequential stereo images
or videos and fail to recover correct scale information from the camera.

2.3 Visual-inerial measurements

There are applications targeting at the combination of the visual camera and Inertial
Measurement Unit (IMU) at the same time, which can be classified into two categories.
One category is filter-based and optimization-based fusion methods, which is similar to
SLAM systems. Another category is loosely- and tightly-coupled fusion. However many
applications incorporate the two categories to VIO systems. Classical filter-based and
tightly-coupled approaches are proposed including MSCKF [34, 39] and ROVIO [6].
Although they incorporate image features into feature vectors, the major difference of
both methods is using different filtering methods (e.g., MSCKF based on the multi-state-
constraint Kalman filter and ROVIO based on iterated extended Kalman filter). Other
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improved tightly-coupled approaches are also proposed [28, 52]. Using the same filter-
based methods, SSF and MSF algorithms utilize loosely-coupled method to fuse features
into IMU data after VO processing instead of directly adding image features to feature vec-
tors [60]. For optimization-based methods, the tightly-coupled approaches have been more
rapidly developed than loosely-coupled, such as OKVIS method [32]. This method jointly
optimizes visual features and inertial error using a keyframe-based approach. Recently,
VINS-Monocular camera is regarded as a fast, tightly-coupled, and nonlinear optimization-
based method and applied to reach accurate VIO systems by fusing pre-integrated IMU
[46].

3 Self-supervised 3D root system reconstruction learning network

Given unlabeled monocular color image sequences and the corresponding IMU informa-
tion from the gyroscope and accelerometer sensor, our proposed framework is able to learn
a representation to regress a 6-DoF camera poses and recover a 3D point cloud from mul-
tiple colors and depth images. An overview of the self-supervised learning framework is
demonstrated in Fig. 1. During the training process, adjacent color images (i.e. It−1, It and
It+1) from a monocular camera are fed into the pose estimation network to regress a 6-DoF
ego-motion. Additional IMU measurement on the same time interval is fused together with
the regressed poses directly from the network by a pose consistency constraint to leverage
both benefits of these two sensors. Simultaneously, the depth estimator aims to estimate a
depth map for every single input by continuously warping the source images to the reference
images. The geometric constraints enable the network to self-supervise without additional
priors or ground truth labels, and the fusion strategy for IMU and the regressed poses
provide a theoretically support to recover an absolute scale and realize a scale-consistent
estimation. The proposed network provides a novel learning-based SfM method to recon-
struct the 3D models without external supervision. Details are further explained in the
following sections.

3.1 Deep structure-from-motion

With any two consecutive frames as input, our deep SfM network is able to estimate their
depth maps D, and reconstruct them to a complete point cloud. The relative 6 DoF poses
Prel between them are also able to be derived from the pose estimation network.

With the predicted depth maps and the relative camera motions, we can build a self-
supervision constraint between the reference images Iref and the warped images Iref

′ from
the source images Isrc using the predicted depth D and relative poses Prel . Different from
[67, 71], we extend the 3 local frames for optimization in the training process to a full
sequence for each update, which realizes a full Bundle Adjustment (BA) optimization for
joint camera poses and depth estimation problem. Then the proposed BA appearance loss is
as:

LBA =
∑

i

∑

k

∑

j

∥∥Ii(π(Prel, Dj · pj )) − Isrc−k(pj )
∥∥
1

(1)

where Prel is the relative camera motion from the reference image to the source frames. Dj

corresponds to the depth value of a pixel pj at the ith reference image Ii . Isrc−k is the kth

source image in each image group. The L1 loss guidance here is to measure the difference
between each projected scene point of the reconstructed source image with the original
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source image and minimize it. [P1, P1, ..., PN] and [D1, D2, ..., DN ] are the parameters that
the network aims to optimize.

As L1 loss alone is not robust to the light illumination and contrast variation in real
applications, we add the image structural similarity index to jointly evaluate two images in
illuminance, contrast and structure. The modified bundle adjustment loss is a comprehensive
expression of SSIM and L1 loss as:

LBA =
∑

i

∑

k

∑

j

(λ1
∥∥Ii(π(Prel, Dj · pj )) − Isrc−k(pj )

∥∥
1

+ λ2
1 − SSIM(Ii, Isrc−k)

2
)

(2)

where SSIM(Ii, Isrc−k) represents the element wise similarity between the warped image
from each reference Ii and the source image Isrc. We set λ1=0.15 and λ2 = 0.85 following
[21, 22].

Apart from the BA appearance loss in pixel intensity, we further enforce a global geo-
metrical consistency in 3D space for predicted depth maps. More specifically, the depth
value at a specific pixel position p in frame I1 should be always consistent with the depth
at the same position in frame I2, I3, ... IN , where N is the total number of frames. The 3D
consistency loss is therefore defined as:

Ldepth =
∑

k

∑

i

∑

j

|Di(pj ) − Dsrc−k(pj )| (3)

Here Di is the warped depth map from the reference view to the source view, and Dsrc−k

is the corresponding depth map of the input source image. By applying L1 loss to the dif-
ference of each source-reference image pair, the inconsistency of global depth value is able
to be prevented.

To further prevent potential discontinuities of the texture-less root regions, an edge-aware
smoothness is introduced as an additional penalty term to further prevent small divergent
depth values and suppress the outliers. We propose to minimize depth-Laplacian of Gaus-
sian (LoG) filter whose each element is weighted by the corresponding image gradient as
follows:

Lsmooth = w

∥∥∥∥
| �2 (D ⊗ G)|

‖�I‖
∥∥∥∥
1
× 1

‖D‖ (4)

where � and �2 refer to the gradient and Laplacian operator respectively. G represents a
5 × 5 Gaussian kernel. D and I correspond to the predicted disparity map and input image
respectively. w is the weight parameter and is set to 0.25 in our network. The motivation to
scale the first term by dividing the mean disparity value is that the output can be normalized.

3.2 Fusion of structure-from-motion and IMU information

Monocular SfM algorithms exist an inherent limitation that the reconstruction can only be
determined up to the unknown scale factor. The integration of the IMU sensor is able to
recover a correct scale via the information of acceleration and rotation angles between two
consecutive frames as shown in Fig. 2 and (5), where the V and T represent the motion
speed in each axis and the corresponding motion distance, and a is the acceleration reading
from the accelerator. The fusion of the SfM structure and the inertial measurement from
IMU are utilized to estimate the real scale of the scene reconstruction model by constructing
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Fig. 2 Illustration of integration of IMU sensor and visual SfM reconstruction

a pose consistency loss to dynamically penalize the deviation of the pose from the pose
estimation network and the IMU sensor to obtain a correct scale.

V =
∫ −→

a dt and T =
∫

(

∫ −→
a dt)dt (5)

Lscale =
∑

i=N

∑

t=x,y,z

|P imu
i,t ∗ P net

i,t − P net
i,t ∗ P net

i,t | (6)

where N is the total number of frames. x, y, z are the three dimensions in translation vec-
tor. P imu stands for the relative pose translation from IMU sensor and P net stands for the
estimated camera translation from the deep network.

We apply a depth fusion strategy to integrate multiple depths from our network at dif-
ferent viewpoints to a unified and complete point cloud. By continuously computing each
depth map for one specific view and treating all other views as the reference, all depth maps
are able to be fused into a complete point cloud. To prevent possible outliers and reduce
the noise, our framework generates the best possible point cloud by a consistency examina-
tion via reprojecting each image to other N-1 views. If a depth value is consistent with the
reference view within a threshold, the corresponding pixels will be preserved. Otherwise,
those pixels with large reprojection errors will be removed. The illustration of this process
is shown in the Fig. 3. Here, X is the common scene point corresponding to the X′, X′′, X′′′
and X′′′′ at different views in 2D image. The final point cloud is composed of all registered
point clouds in 3D space.

Finally, our comprehensive loss constraints turn into a linear combination of: 1) BA
appearance loss between each source image and warped reference images in a full sequence;
2) Depth consistency loss to enforce the global geometrical consistency in 3D space; 3)
Edge-aware smoothness loss to prevent large discontinuities within each object; 4) Scale
consistency loss to dynamically correct the predicted camera poses from the network via
IMU measurement.

L = w1LBA + w2Ldepth + w3Lsmooth + w4Lscale (7)

where w1, w2, w3 and w4 are their associated weights for BA appearance loss, depth
consistency loss, edge-aware smoothness loss, and scale consistency loss respectively.
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Fig. 3 Point cloud generation from multi-view setting

4 Experiments

In this section, we first describe the methods we used to collect real plant root dataset and
creat a synthetic root dataset. We then introduce the configuration settings and the evaluation
metrics to compare the proposed approach with other existing methods, and present the
training and evaluation setup. Then, we compare both qualitative and quantitative results
from the proposed network with other most recent methods. Without using ground truth
3D models for supervised training, we show that the proposed model achieves superior
performance.

4.1 Dataset introduction

In this work, we verify the effectiveness of the proposed method on both real and synthetic
datasets. First, we introduce the collected dataset on real plant roots. The dataset was cap-
tured by the visual camera of iPhone 7 with its embedded gyroscope and accelerometer. The
plant root systems used to capture root images are those of one year old apple rootstocks
generated from cuttings by a commercial nursery. The images of root system of apple root-
stocks were taken/shown upside-down. The visual camera was used to record a series of
image sequences, and the IMU sensor was used to export the corresponding rotation and
translation information from consecutive frames. There are a total of 10000 images of 20
different plant root systems, each with around 500 images. We split 15 plant roots’ images
in the dataset for training and the rest five plant roots’ images for testing. Each plant root
is captured under a white background to prevent the possible reconstruction of background,
with a rough coverage of 360 degrees’ viewpoints and a resolution of 1920 × 1080. To syn-
chronize the images from the camera and data from the IMU sensor, we first use mobile
software to control them to start at almost the same time, and then utilize the returned times-
tamps to further make them consist in time. The frequencies for camera and IMU are set to
be 30 Hz. The dataset is collected in a setting that roots are fixed to a stand without moving
during data collection process. In applications involving moving objects, the target objects
can be separated based on different motions of moving and stationary objects analyzed from
visual tracking and IMU data analysis. The configuration setting of the equipment is shown
in the Table 1.
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Table 1 Plant root dataset was collected from one year old rootstocks of apples generated from cuttings
using camera from iPhone 7, its embedded gyroscope and accelerometer sensor

Sensor name iPhone 7 main camera and IMU

Pixel dimension 1920 × 1080

Length of Focus 28mm

Sensor Size 1/3” = 4.80 x 3.60 mm

Aperture f/1.8

In addition to the real dataset, we also create a synthetic dataset based on the GameObject
class in Unity [23]. By creating and controlling synthetic 3D models for each kind of plant
root, we enjoy a similar setting with the real dataset. First, we are able to extract a sequence
of root images by continuously rotating each 3D model and projecting them into the 2D
image. Then by controlling the camera position and rotation, we are able to obtain the
ego-motions which are similar to the egomotion data we retrieve from the IMU sensor. In
addition to the two inputs, the 3D synthetic root model is further used as the ground truth to
compare our 3D reconstruction model with other existing methods quantitatively. Sample
images from our collected real and synthetic dataset are shown in Figs. 4 and 5.

4.2 Training configuration

During the training process, we first scale the image sequence from 1920 × 1080 to 512
× 256. For each iteration, each group of images together with the relative translation and
rotation vectors from IMU sensor are input to the network. Each group of images are fed
into the pose estimation network and depth prediction network simultaneously to learn rep-
resentations of relative poses and depth maps. IMU information are used to dynamically
correct the output from the pose estimation network to produce a complete 3D point cloud

Fig. 4 Demo images from the real plant root systems of one year old apple rootstocks generated from cuttings
by a commercial nursery. The images of root systems of apple rootstocks were taken/shown upside-down.
Each row contains three images captured from different viewpoints
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Fig. 5 The created synthetic root dataset. The dataset was rendered from 3D root models created by Unity
3D module. The first, second and third rows represent the projected images from different viewpoints for
each 3D root model. With consecutive images from multiple views and accurate ego-motion relationships
simulating IMU sensor as input, a completed 3D reconstructed model is able to be inferred

of the plant roots. Compared with the current setting applied in the experiment, IMU with
lower drift and higher accuracy will help enhance root system reconstruction effect, but
not significantly. IMU mainly accumulates motion estimation errors in long sequences. Our
collected videos for each root system are short sequences (around 500 images under 30fps).
The introduced error would substantially small in such short videos. Furthermore, instead of
the absolute IMU poses calculated from the accumulated IMU motion, the relative motion
between image frames is applied to the training and testing processes, especially in the
application of the scale consistency loss during sensor fusion, which can reduce the errors
in the training process and enhance the robustness in real-time applications.

The network is implemented with PyTorch and trained from scratch using Adam opti-
mizer [30] with β1 = 0.9 and β2 = 0.99. The initial learning rate starts with 1e-4 and
gradually decay to half of the original size for every 10 epochs in our framework. Rectified
Linear Units (ReLU) [40] is utilized as the non-linear activation functions for convolu-
tional layers. The weights of the depth estimation network and pose estimation network
are initialized with Kaiming initialization [25] method with a batch size of 4 to easily
model non-linearity of ReLUs. The whole framework is trained for 30 epochs to get good
predictions.

4.3 Evaluation of the 3D root system reconstruction

A favorable reconstruction model usually maintains with reasonable and consistent shape as
the input image, tight points, and fewer outliners or noise. To quantitatively examine the 3D
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reconstruction performance of our method on synthetic datasets, we apply the following two
prescribed metrics: mean distance and variance. Targeting at evaluating the performance of
the generated 3D point cloud, the mean distance measures the mean value of the distance
of each predicted point corresponding to a 3D point cloud of ground truth, which can truly
reflect difference of our predicted reconstruction of root system compared with the ground
truth. And the variance reflects the vibration of each point cloud compared with the ground
truth point cloud. The smaller discrepancy in mean distance and variance indicates a better
reconstruction performance compared with other methods.

4.4 Comparison with state-of-the-art methods

Qualitative results and analyses We first compared the results of the depth estimation
network with one single image as input for testing in the real applications. From Fig. 6, it
can be observed that our outputs present a reasonable estimation which show brighter for
closer objects and darker for farther branches. Compared with our method, [22] suffers from
the issue of miss-prediction in depth values of root and leaf, and discontinuity in the bottom
part of each roots. Though [5] improves the miss-prediction regions in [22], it still contains
the intense discontinuity at the root segment, which results in a large gap or stretch in the
reconstructed 3D point cloud.

Then we compare with other recent 3D reconstruction approaches on the real collected
dataset, as Fig. 7. The results demonstrate that our proposed model is able to generate a
more accurate point cloud from images at different viewpoints. We observe many stretching
and outlier pixels on the results of [22] because they are unable to further constrain the back
regions of roots from just a single view. Though without too many stretching regions and
outliers in [57] compared with [22], the method still suffer from severe deformation in shape
and wrong prediction in multiple root branches. The result of the traditional offline SfM
method [65] presents an overall correct shape, but at the same time, the reconstructed result
demonstrates very sparse points in 3D space and lost extensive details such as thin and small
branches because of its deficiency in extracting and matching sufficient features for the root
structure with a rather similar appearance. Compared with the methods mentioned above,

Fig. 6 Depth estimation results on single raw image as input. From left to right: raw input color image from
the mobile device; depth estimation result from [22]; depth estimation result from [5]; our depth estimation
results. Wrong predictions, faults and obvious discontinuities in the compared methods are marked with red
rectangles
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Fig. 7 Comparison of the reconstructed roots between our method and other state-of-the-art methods on real
plant root dataset. The background is filtered out during the inference. From left to right: input image; results
from Monodepth2 [22]; results from MVDepthNet [57]; results from classic Visual SfM [65]; results from
our proposed method. Our reconstruction model can capture more accurate shape of plant root structure, and
prevent many outliers and wrong-predictions

our proposed learning-based framework is able to eliminate incorrect depth mappings and
generate an accurate 3D point cloud that enjoys the least wrong prediction and stretching
effect because of our multi-view geometrical constraints and fusion strategy.

When comparing with the same methods in the synthetic dataset, almost every method
shows a better reconstruction performance compared with that on the real dataset except for
the classical SfMmethod [65], as shown in Fig. 8. The improvement for most methods could
be explained from the high-quality rendered images of the created 3D model with a clear
background. However, the clean and uniform images also result in a even more challenging
situation for the classical SfM methods in feature extraction and matching, which can be
observed from the bad performance in [65]. Compared with the results from [22] and [57],
our method is able to produce the least distortion and stretching effect in shapes. Compared
with [65], our framework is able to capture and recover more details in complex and thin
branches, which are missing in the aforementioned methods.

Quantitative results and analysis Table 2 quantitatively compares the average distance
and variance of the reconstructed point clouds generated from [5, 22, 57, 65] and the
proposed method, compared with ground truth 3D point cloud from the synthetic 3D
root structure models. To evaluate the effectiveness of different methods better, we take
a combination of both the mean distance as well as variance to measure the quality of
3D reconstruction. We can see that the proposed method is capable to achieve smaller
errors than other methods. We notice that the result from the proposed network with the
robust loss constraints from multiple views and IMU sensors significantly outperforms the

17326 Multimedia Tools and Applications (2021) 80:17315–17331



Fig. 8 Comparison of the reconstructed roots between our method and other state-of-the-art methods on the
synthetic root dataset. The background is filtered out during the inference. From left to right: input image;
results from Monodepth2 [22]; results from MVDepthNet [57]; results from classic Visual SfM [65]; results
from our proposed method. Our reconstruction model is capable to recover the correct shape of root structure
with the least distortion and wrong-predictions

variants from other recent classic and learning-based methods across all metrics. Benefit-
ing from the correct scale recovered from IMU sensor, the result from the proposed full
pipeline also witnesses an obvious improvement over the same network without it. Com-
pared with [57], which also takes multiple view images as input, the proposed method
realizes a 12.1 improvement in the mean error, and compared with [22], the presented result
realizes a 77% and 81% lower mean distance and variance distribution respectively as shown
in Table 2.

Table 2 Mean distance and variance to the ground truth of our method compared with other existing method
taking single-view and multi-view images as input for scene reconstruction on the created synthetic root
dataset. Results demonstrate that the mean distance and variance of the proposed method are smaller than
other methods

Method Mean distance Variance

Monodepth2 [22] 32.63 13.58

MVDepthNet [57] 19.35 6.89

SC-SfMLearner [5] 24.41 7.91

SfM [65] 29.07 6.39

Ours w/o IMU 22.39 7.35

Ours 7.25 2.47
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5 Conclusion

In this paper, we present a deep framework for Structure-from-Motion to generate a com-
plete 3D root model from multiple images as input. In the unified framework, we enforce
consistency of the scale of camera motion from IMU measurement, a geometric depth con-
sistency and a bundle adjustment appearance consistency to jointly constrain each other
across the whole framework. Our pipeline is able to be regarded as a learning-based
realization of Bundle adjustment algorithm, which leverages both IMU information and
multi-view geometric benefits. The experiments demonstrate a superior performance of our
self-supervised method compared with other state-of-the-art deep learning based methods
and offline classic SfM approach. The framework can be easily applied to mobile phone
platforms that are accessible to general users.
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