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IMPROVED SMALL AGRICULTURAL PLANT
SEGMENTATION USING POST-TRAINING
ADAPTIVE NEURAL NETWORK

Precision agriculture enables an automated and data-driven way
of improving agricultural crop yields. Soil nutrition, spraying pesticides
against pests and diseases can be applied at a large scale. However,
defeating weeds poses a significant challenge. High weed localization
precision fs required as herbicides kill both weeds and crops, cutting or
laser removal also should be performed with care. Robotic devices have
been proposed to remove weeds, all relying on neural-network-based weed
localization. Robots typically perform on-device processing, without
Internet connection. Typically, weed removal should be performed at early
stages of growth, so the plants occupy a small part of the image, which
makes the segmentation task difficult. Existing weed segmentation
approaches have insufficient ratio of quality to computation complexity for
edge deployment, In the meantime, it is estimated that weeds are
accountable for 31.5% yield loss. To solve the problem of on-device weed
segmentation, we propose PAN+PTA semantic segmentation neural
network, computational complexity of the network can be adjusted after
training in a range from 13,08 to 18,12 GFlops. Consequently, the network
can be adapted to a wide range of devices without additional training or
costly redeployment. We achieve this by 1) integrating the Post-Train
Adaptive (PTA) network as encoder in Pyramid Attention Network (PAN),
2) introducing width multipliers to configure initial capacity of the PTA
network. To train and evaluate the neural network we use WE3DS dataset,
which contains annotations of 7 crops and 10 weeds. The lightest
configuration of PAN+PTA achieves higher Dice Score compared to PAN
with MobileNetV2 encoder, while reducing the number of computations by
a factor of 1.9. Addiitionally, the trained network in heavy configuration with
width multiplier of 1.5 has Dice Score of 0.5112 and computational
complexity can be adjusted in range of 32.34%, which is a substantial
improvement over existing U-Net+PTA network (Dice Score: 0.4348,
range: 3.66%), while reducing inference GFlops by 80%.

Keywords: weed image segmentation, weed removal, precision
agriculture, on-device segmentation, edge computing, dynamic neural
network, crop field health monitoring.

Introduction

Ensuring high and sustainable yields requires constant
intervention in the plant growing process. Precision agriculture
enables automated and data-driven adjustment of plant treatment
strategy. Approaches include monitoring weather and soil
conditions, detecting pests and diseases via smartphones and
drones [1], and locating weeds [2; 3]. Using the collected and
analyzed data, machines can be used to apply fertilizers to the soil
or to water plants, spray pesticides to remove pests, diseases, and
weeds. Pesticides targeted against pests or diseases have small
impact on plant growth if applied correctly. However, removing
weeds requires much higher precision, for instance, herbicides can
be sprayed [4], but if splayed on agricultural crops, they will also
die. Other approaches include robotic devices that remove the
weed using a laser or by cutting the plant [5; 6]. All these
approaches are highly dependent on precision of weed
localization. The task is formulated either as detection or
segmentation, with the latter providing more information where
plant leaves/stem are located. Subpar weed segmentation quality
leads to weeds not being fully removed and increases cultivated
crop damage. Typically, removal should be performed when both
crops and weeds are small and take small part of an image, making
the segmentation problem difficult. In the meantime, weeds are
estimated to cause 31.5% reduction in plant production [7].
Furthermore, weed segmentation should be performed on-device
and in real-time as Internet connection is often slow or completely
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unavailable in the fields. Therefore, proposing new weed segmentation approaches, that offer better quality, while still
being mobile friendly is an important research direction.

Recently, Post-Train Adaptive (PTA) [8] dynamic neural network has been proposed. The network has
variable number of computations, which can be controlled after the training procedure is complete, without retraining.
The configuration can be applied based on hardware capabilities of the inference device or input image complexity.

To improve weed segmentation quality, in this work we propose to integrate the PTA neural network as an
encoder inside the PAN [9] segmentation network. Additionally, we introduce width multipliers to the PTA network
as a way to configure initial network computational capacity.

To summarize, our main contributions are as follows:

1. We significantly improve weed segmentation quality by integrating the PTA network into PAN
segmentation neural network and introducing width multipliers to control the initial computational capacity.
2. We substantially improve the range between post-train configurations. Thus, ensuring that a single

trained neural network can target devices with different computational capabilities.

Related Works

Several existing robot-based weed removal systems have been proposed in the literature. In [4] autonomous
spraying robot has been presented. On the back the robot has a row 12 nozzles, spanning approximately 0.66m. Each
nozzle is actuated independently. YOLO10s detection neural network is used to detect weeds, then nozzle located
above the weed sprays the herbicide against the weed. The authors of [5] note high damage and low effectiveness of
chemical and mechanical approach to weed removal. To resolve the problem, the authors propose a laser-based
removal using a small wheeled robot. The robot uses YOLOv4-tiny neural network for weed detection and then
removes the weed using a laser located on a robot arm. The authors deploy the robot in the outdoor cotton field, and
report 72.35% weed removal rate. Inference runs on Nvidia Jetson Xavier AGX mobile platform. The authors note
the need to expand weed detection capabilities to more diverse environmental conditions. [10] propose a similar
approach for weed detection in corn field, based on YOLOX detection neural network. The robot has a continuous
track instead of wheels, uses laser to remove weeds as well. In [6] the authors develop CNN-based neural network
architecture for sugar beet and weed segmentation. Inference is performed in real time on a Bosch Bonirob large
agricultural robot, which then physically removes weeds.

Several open datasets have been developed that contain annotated weed and crop images. The authors of
WE3DS [2] propose an RGB-D weed segmentation dataset, which contains RGB images and corresponding depth
maps. The authors have used dual camera setup to estimate depth. The dataset includes soil, 7 crop species, and 10
weed species. As has been shown, including depth to the segmentation model offers significant gains in Intersection
over Union metric. However, to extract depth information either dual camera setup should be used, or separate
monocular depth estimation neural network. Both approaches increase cost of the weed segmentation hardware
(second camera or more capable hardware are required correspondingly). The authors of [3] propose CropAndWeed
dataset with 74 plant species (16 crops, 58 weeds) along with soil and vegetation classes (instances that cannot be
unambiguously identified). The authors provide several groupings of the collected data. For instance, Fine24 that
groups crops and weeds into 24 superclasses, CropsOrWeed2 (all crops class vs. all weeds class), CropsOrWeed9 (8
crop classes vs. generic weed class), and several others.

Purpose

Despite recent advancements in crop and weed recognition, the field needs further development. Many of the
works frame the problem as detection, which is typically computationally simpler than image segmentation, and select
smaller neural networks to perform real-time on-device inference [4; 5]. However, detecting the weed might be
insufficient precise for stem removal, especially in cases when crop and plant leaves are interleaved. Also, the number
of crops and weeds detected remains limited. Besides, existing models have a fixed number of computations, requiring
retraining when targeting devices with different computational capabilities to ensure the best quality.

Therefore, the purpose of this work is to develop an effective on-device segmentation neural network,
specifically for precision agriculture tasks such as weed removal. The goal is to create a system that can distinguish
between crops and weeds (even at early growth stages) without Internet connectivity or costly redeployment. The
developed network should be able to switch between light and heavy configurations based on hardware capabilities
or accuracy requirements without retraining. Thus, adjusting quality/performance ratio on demand using a single
neural network.

Materials and Methods
Post-Train Adaptive [8] neural network is one of dynamic neural networks [11; 12]. It can be on-the fly
reconfigured to use light (L), heavy (H), or both (B) computational branches. Thus, adjusting its computational
capabilities. Overall, 3 configurable blocks are included in the network. Notable configurations are LLL (the lightest),
HHH (equivalent in the number of parameters and computations to the MobileNetV2 [13]), and BBB (the heaviest
configuration). In addition to configurability, previous research shows [8; 14] that the network outperforms baseline
MobileNetV2 neural network.
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In [14] the PTA network has been applied to image segmentation problem as a backbone inside of U-Net [15]
neural network. The authors show that PTA network has improved image segmentation Dice score of the baseline
MobileNetV2 model. However, the relative difference between BBB and LLL configurations remains small at 3.66%.

To improve the range in flops between the heaviest and the lightest configurations, we propose to use
PAN [9] segmentation neural network with PTA backbone as an alternative to the U-Net. We also introduce width
multipliers for the PTA following [13], which increases the width of the blocks, while the number of blocks remains
the same. This leads to increase in encoder feature map sizes, resulting in higher computational capability of the
network. With width multiplier equal to 1.0 network is equivalent to the original PTA network. Considered network
configurations are summarized in Table 1. Complexity is shown in GFlops and computed for RGB image of size
768 x 768 as an input. We use the following formula to compute range between LLL and BBB configurations:

GFlops g, —GFlops,,,

Range =
(GFlops gy, +GFlops,,, )/ 2

-100%. (1)

PAN is a lightweight semantic segmentation neural network, which combines Feature Pyramid Attention
(FPA) and Global Attention Upsample (GAU) module. The FPA offers better semantic features by using multi-scale
context with attention, while GAU uses global semantic information as attention to gate low-level features; thus,
improving localization.

Table 1
Considered width multipliers of the PTA network, and their corresponding computational complexity range
Width Encoder U-Net PAN
Multiplier Feature LLL BBB Range (%) LLL BBB Range (%)
Map Sizes (GFlops) (GFlops) (GFlops) (GFlops)
0.75 3,16,24,24,72, | 30.40 31.08 2.20 4.46 5.77 25.64
1280
1.00 3,16, 24,32,96, | 31.47 32.65 3.66 6.20 8.49 31.15
1280
1.50 3, 24, 40, 48, | 39.76 42.34 6.28 13.08 18.12 32.34
144, 1920
2.00 3, 32, 48, 64, | 48.68 53.21 8.89 21.77 30.65 33.88
192, 2560

As can been seen from Table 1, using PAN increases range of GFlops between the lightest (LLL) and heaviest
(BBB) configuration from 3.66% to 31.15% using 1.0 width multiplier. Also, by selecting initial computation budget
using width multiplier of 2.0 the range can be further increased up to 33.88%.

To train the models we use Dice Loss, which has been shown as effective loss for image segmentation
training [16]:

C
, 22..P8 *¢
Dice Loss =1- =" (2)

[ ’
i:lpf +Zi:1gf +é

where p; is predicted probability distribution, g; is the ground true. C is the number of classes, € is a small
constant.

PTA neural networks additionally employ PTA sampling training strategy to ensure that all configurations
are trained following [8].

To evaluate the model, we use Dice Score with macro averaging. Per class dice score is defined as follows:

2TP +¢& 3
2TP +FP+FN, +¢’ ®

Dice Score, =

where TP;, FP;, FN; are True Positives, False Positives, False Negatives correspondingly, i is a class index,
¢ is a small constant. Dice Score; for all classes from 1 to C are then averaged to form global Dice Score:

. 1 &
Dice Score = EZche Score,. 4)

i=1

Experiments
All models are trained using the Stochastic Gradient Descent optimizer with a maximum learning rate of
0.07, trained for 20 epochs. Batch size is 6. The best model is selected on validation set, results are reported on the
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test set. For experiments we select open WE3DS dataset, which contains annotations of 7 crops and 10 weeds. We do
not use depth maps to train the model as we target monocular weed segmentation in resource constrained
environments. WE3DS train subset has been split into actual train and validation with 0.8/0.2 proportion. We use test
set as defined by the authors. As the dataset includes not only grown crops and weeds, but also tiny seedlings, therefore
we use relatively high image resolution of 768 X 768 pixels.

Results and Discussion

Dice Score of the proposed PAN+PTA semantic segmentation neural network is shown in Fig. 1.
PAN-+MobileNetV2 baseline is shown with a horizontal red line. Note, that PAN+PTA with width multiplier of 1.0
and HHH configuration is equivalent to the PAN+MobileNetV2 in terms of both the number of computations and
parameters. However, the PTA network uses PTA sampling training strategy and can be switched to any other
configuration with the same width multiplier. As can be seen, all PTA-based configurations with width up to 1.5 are
substantially better than MobileNetV2 baseline. Also, the quality of the network scales with the growth of width
multiplier. One exception is width multiplier 2.0, where the network starts to overfit the training dataset.

0.54
0.527 . 1 HHH
0.50 - - =[] [ LHH
] I | | [ HLH
30481 M= — 3 HHL
s ] 3 LLL
LR o e o o i o e o e e = BBB
MobileNetV2
0.44 1 ~77 baseline
0.42 4
0.40 |

0.75 1.0 1.5 2.0
Width Multiplier

Fig. 1. PAN neural network with PTA backbone with different width scaling factors against the MobileNetV2 baseline

The best result is achieved by the HHH configuration and width multiplier 1.5 (Dice Score 0.5112) against
the MobileNetV2 encoder (Dice Score 0.4584). Even PTA network with the lightest configuration LLL, width
multiplier 0.75 (Dice Score 0.4622) outperforms PAN with MobileNetV2 baseline, while reducing the number of
computations by a factor of 1.9. Summary of the PAN+PTA network quality is shown in Table 2.

Table 2

PAN+PTA network configuration and their Dice Score on the WE3DS dataset
Width Multiplier Dice Score

PTA-LLL PTA-HHH PTA-BBB

0.75 0.4622 0.4824 0.4809
1.00 0.4727 0.4975 0.4924
1.50 0.4869 0.5112 0.5065
2.00 0.4429 0.4541 0.4474

In Fig. 2 we show a representative sample of detections using WE3DS dataset. As demonstrated, the dataset
contains top-down images, where most of the image is taken by the soil class. Hence, we have highly imbalanced
segmentation task. In Fig. 2a several instances of Broad Bean (agricultural crop) are shown with input image [2] at
the top, at the bottom segmentation by the proposed PAN+PTA model (width multiplier: 1.5, PTA configuration:
HHH) is shown highlighted in green. Plant instances have been correctly classified and segmented. In Fig. 2b Rye
Brome (weed) is shown. As can be seen, weed growth is barely visible on the top image. However, it is still correctly
segmented by the model (highlighted in orange color).
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(a) (b)
Fig. 2. Sample image segmentations: (a) Broad Bean (crop); (b) Rye Brome (weed)

Finally, for comparison we perform training of the original U-Net+PTA network with different width
multipliers on the WE3DS dataset. The results are shown in Fig. 3.

0.44 4
- | - 1 HHH

0.42 4 T | — | =3 wH

v ] ] 1 HLH

o

% 040 FFt-F1ra=F4-4=F1 -+ {-F-F -t - b4 - [ HHL

g [ L

o [ BBB
0.38 A ___ MobileNetv2

baseline

0.36 1

0.75 1.0 1.5 2.0
Width Multiplier

Fig. 3. U-Net neural network with PTA backbone with different width scaling factors against the MobileNetV2 baseline

In this case Dice Score improvement does not correlate with the increase of the width multiplier. Besides,
PTA with 0.75x and 1.5x multipliers does not have any difference in quality between light and heavy configurations,
which defeats the purpose of dynamic configuration selection after training. Overall, the network performs much
worse (the best Dice Score is 0.4348) than the proposed PAN+PTA (the best Dice Score is 0.5112), confirming the
benefits of the new approach.

Conclusions

A novel PAN+PTA mobile-friendly neural network has been proposed in this work as an effective approach
for crop and weed segmentation even at early growth stages, when the plants are small. It is capable of distinguishing
between 7 crop species and 10 weeds. The best result is achieved by the HHH configuration and width multiplier 1.5
with Dice Score of 0.5112, which is an improvement over the MobileNetV2 encoder with Dice Score 0.4584.
Additionally, PTA network with the lightest configuration LLL, width multiplier 0.75 outperforms PAN with
MobileNetV2 encoder, while reducing the number of computations by a factor of 1.9.

Besides, PAN+PTA network extends the computational complexity range of the segmentation neural
network from 3.66% (the original U-Net+PTA, width multiplier 1.0) to 32.34% (PAN+PTA, width multiplier 1.5)
between LLL and BBB configurations. The final network can switch between 6 configurations adapting to different
hardware capabilities without retraining, ensuring balance between quality and inference speed.

Future research direction includes extension of the developed neural network to a wider range of crops and
weeds, providing a comprehensive solution to plant health monitoring (including diseases and pests), and deployment
of the development neural network to a hardware platform.
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Ipuna Y IOBHUK, Koctsautun XABAPJIAK

HarionansHuil TeXHIYHUN yHiBepcHTET «/IHIIpOBChKa MOMiTexHiKay, J[Hinpo, Ykpaina

MNOKPAILIEHA CETMEHTALISI MAJIUX CLJIbCBKOTI'OCIIOJJAPCBKHUX POCJIMH
HA OCHOBI 3MIHIOBAHOI IIICJISI HABUAHHSI HEMPOHHOI MEPEXKI

TouHe 3eM/1epo6CTBO [O3BOJISE ABTOMATU30BAHO Ta H3 OCHOBI AaHuX MABULLYBATH BPOXAUHICTb CiflbCbKOroCroAapChkux
KynbTyp. [TIWKUBIEHHS TPYHTY, OONPUCKYBAHHS MECTULMAAMA [POTU LIKIAHNKIB | XBOPO6 MOXHA 3aCTOCOBYBATH Yy BE/MKUX
macwrabax. OgHak 60poTe6a 3 6yp ‘aHamu € bifibLL IPO6EMHOIO. [TOTDIOHa BUCOKa TOYHICTB JIOKam3aLi 6y p sHiB, OCKiibky repbiynamn
B6MBaOTL K 6Yp'SHM, TaK | CifIbCbKOrOCIOAapChKi KyJibTypy, 3pi3aHHs abo J/la3epHe BUAA/IEHHS TakoX C/1i4 BUKOHYBath 3
o6epexHicTio. [ BUAATIEHHS GypSIHIB 3arpOroOHOBaHO pPOOOTU30BAaHI MPUCTPOI, SKI BUKOPUCTOBYIOTb HEHPOHHI MEDEXI A/
JI0Kanizauli 6yp aHis. Po6oTv 3a3Budari BUKOHYIOTE 06POBKY Ha IPUCTPO;, 6e3 MigKmoYeHHs 40 IHTEPHETY. SK rpaBu/o, BUAATICHHS
6ypSGHIB M€ MPOBOANTUCH HA [T0YATKOBUX ETArax 3POCTaHHS], BIAMOBIAHO POCIMHN 3aHMAOTL HE3HAYHY YaCTUHY 306PAXKEHHS, LYO
pobUTL 334aqy CerMeHTalli CkiaaHor. ICHyIoqi riaxoqm cermMeHTauli 6ypSHiB MatoTb HEAOCTATHE CrTiBBIAHOLIEHHS SKOCTI Ta
OBYNCIIIOBA/IbHOI CKAIEAHOCTT 715 KparioBux o64ucieHb. BoaHOYAc, 3a OLiHKamy, Gyp'ssHU € MPUYUHOI 3HIKEHHST 360pIB BPOXaK0 Ha
31,5%. /[ing BUPILLIERHS rPo6rIeMu cermMeHTaLlii 6yp SHIB 6E30CEPEAHBO Ha MPHCTPOI B Liv pOBOTI 3arporoHOBaHO HEVIDOHHY MEPEXY
ceMaHTu4dHoi cemermenTayii PAN+PTA, 0641c/iioBasibHy CKIGAHICTL SKOI MOXe OyTv BIAPEry/ibOBaHo I1ic/1s HaB4YaHHS B Aiara3oHi Big
13,08 go 18,12 riragyionc. TakuM YuHOM, MEPEXE MOXE €QPEKTUBHO 3AANTyBaTUCH A0 MPUCTPOIB 3 PI3HUMU OOYNCIIIOBA/IbHUMM
MOX/MBOCTAMU 6E3 IMOBTOPHOIO HaBYarHs, O EKOHOMUTL BUTPATU HA HABYaHHS Ta pO3ropTaHHs. Mu fOCsSraemo Lboro Wwsxom 1)
[HTerpauii mepexi Post-Train Adaptive (PTA) sk kodyBa/ibHuka B Pyramid Attention Network (PAN),; 2) BBEAEHHS MHOXHUKIB LUMPUHN
4151 KOH@Irypauli noyatkoBoi eMHOCTI Mepexi PTA. [l HaBYaHHS Ta OLIIHKM HEVPOHHOI MEPEXT BUKOPUCTAHO Habip Aarmnx WE3DS,
K MicTUTE aHoTaull 7 KyseTyp |10 6yp'aHis. Havinerwa koHeirypauis PAN+PTA gocsrae sujoro Dice Score ropisHsaHo 3 PAN 3
KogyBansHukom MobileNetV2, ofHOYAaCHO 3MEHLLYIOYHM KiTIbKICTE 06YncieHs y 1,9 pasn. KpiM TOro, HaB4YeHa Mepexa B BaXKivi
KOH@Irypawyii 3 MHOXHUKOM LmpuHy 1,5 mae nokasHmk Dice Score 0,5112, a 064uC/itoBa/ibHa CKIIaAHICTb MOXE OyTU BIAPEry/IbOBaHa
B Mexax 32,34%, 140 € CyTTEBUM I1O/TILLEHHSM TOPIBHIHO 3 [cHytoHoo mepexero U-Net+PTA (Dice Score: 0,4348, piana3oH: 3,66%),
1Py UbOMY 3MEHLLIYIOYH Tirag/ioncy, HeoOXiaHI A4/1s1 BUBEAEHHS, Ha 80%.

KIto4oBi C/10Ba.; cermMeHTaLlisi 306paxeHs Oyp 'sHiB, BuaaneHHs 6ypsaHiB, TOYHE 3eMIepOOCTBO, CerMeHTalis Ha rnpyUCcTpoi,
KOPZOHHI OBYNCTIEHHS], ANHAMIYHA HEVPOHHA MEPEXAE, MOHITOPUHI CTaHy MOCIBIB.
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